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Executive Summary

The development of intraseasonal extreme climate prediction technologies has become
increasingly urgent in light of the growing frequency of climate-related hazards under global
warming. This project aims to establish prototype Al models capable of predicting East Asian
extremes—anomalous high temperature, heavy rainfall, and marine heatwaves—with lead times
of three to four weeks. For anomalous high temperature, we adopt an bias-correction
approach based on ECMWF(European Centre for Medium-Range Weather Forecasts) ensemble
forecasts, while heavy rainfall and marine heatwaves are addressed through direct prediction
using the latest available observations. The ECMWF dynamical model serves as the baseline,
against which we identify Al model setups that demonstrate statistically significant
improvements.

First, this study investigates the sensitivity of anomalous high-temperature detection
within the ECMWF Subseasonal-to-Seasonal (S2S) prediction system, focusing on how different
labeling strategies influence model performance. Using 3-week averaged maximum
temperature (TMAX) data from ECMWF-S2S (version 2024) and ERA5 reanalysis, binary and
multi-class labeling schemes were applied to classify extreme heat defined by percentile
thresholds (=90th percentile for binary; =75th and <90th percentile, and =90th percentile
for two classes of multi-class). These labels were used to train two convolutional
neural-network architectures—U-Net and Attention U-Net—designed to detect spatial patterns
linked to anomalous heat events. The models were trained using 18 years of data (2004-2021)
and tested using two years (2022-2023). An evaluation based on the Brier Skill Score (BSS)
indicates that while the raw ECMWF forecasts exhibit modest skill (~0.2), the deep-learning
models generally yield lower absolute scores but still provide meaningful spatial improvements
relative to ECMWEF. The binary-label Attention U-Net configuration consistently vyields the
most realistic probability patterns and the highest fraction of positive BSS improvements,
demonstrating its relative advantage in extreme-heat signal detection. The results suggest that
label structure plays a decisive role in model sensitivity and that attention mechanisms
enhance the identification of high-impact spatial features.

Next, this study developed an initial deep learning model for forecasting heavy rainfall
events at lead times of 3-4 weeks on a grid-point basis. The research focused on three
aspects: the effectiveness of multi-task learning, the combination and scale decomposition of
input variables, and the impact of model architecture on forecasting performance. The
multi-task learning approach, which jointly predicts precipitation amounts and the number of
heavy rainfall days in a week, effectively captured the temporal variability of precipitation
and achieved improved performance metrics (e.g., CSI, TCC). Including 10-60-day and
long-term filtered components further enhanced forecast skill, indicating the importance of
separating and incorporating intraseasonal variability and background fields for extreme



rainfall prediction. The combined ResNet-LSTM architecture demonstrated synergistic effects
in learning spatiotemporal patterns. Future work will incorporate probabilistic forecasting
techniques to quantify prediction uncertainty improving predictability and apply explainable Al
(XAD methods to identify and analyze the key predictors and mechanisms underlying extreme
rainfall forecasts.

As the final climate extreme component, a prototype prediction model for marine
heatwaves in the East Asia Marginal Sea(EAMS) is developed. Predictive signals are extracted
from large-scale oceanic and atmospheric reanalysis fields—including heat content, salinity,
winds, temperature, and precipitation—and projected onto East Asian marine heatwave
patterns three weeks ahead using a UNet architecture. Sensitivity experiments on predictors,
loss functions, and model design identified an optimal setup: a relatively narrow 2.5° regional
domain, inclusion of fluxes, static variables, and marine heatwave indicators alongside the
basic predictors, and training a swinUNet with a 2:1 train/validation split. Detection skill was
further improved by applying a weighted loss function emphasizing extreme SST grids and
integrating river discharge information as an independent multi-modal layer. Across 52 weeks
in 2023, this setup consistently outperformed ECMWF in marine heatwave detection. Ensemble
means of high-performance models under similar conditions also showed stable and significant
skill, highlighting the promise of multi-model Al ensembles for operational prediction in East
Asia.

In order to systematize and disseminate data and statistical analyses derived from
prototype model development, a repository (GitHub) was employed. This repository provides
historical data on climate extremes across the East Asia region, basically archiving the events
of regular grid-based climate extremes, and weekly/monthly extremeness metrics can be
utilized as labels for Al-based(or -assisted) models to predict anomalous climate events in
East Asia. Additionally, it offers code for long-term, grid-based analysis and visualization of
major climate extremes with functions for data storage, time-series graphs, heatmaps, and
two-dimensional long-term statistics. Currently, the repository focuses on extreme phenomena
such as anomalously high temperatures(AHT), heavy rainfall(HR), and marine
heatwaves(MHW), with the potential for further expansion. This work is intended to serve as
a meaningful and practical foundation for researchers engaged in the investigation of the
dynamics and prediction of extreme phenomena, offering a structured entry point that
facilitates subsequent methodological development and interdisciplinary collaboration.



ok
=3

H
Ao
kO

Z1FHEtE Qs E=2 HIHaA = 7] #H A - Aol tinliskr] f3 A" W ARE
TR o F7E A e NES v AlYHdEsH B AAl= FotAlol I o]l
(Anomalously High Temperature), Z-$-(Heavy Rainfall), 3] %<& sH(Marine HeatWave)oll th3+ X
8 3-47F FHEH 4= AFA T 7Nt 9F 2d s 5RE . o2 FHE]
E(ECMWF,European Centre for Medium-Range Weather Forecasts) o< 4/dE2 <
WAS ALt 25 - fFdade HA HE #S5 A5E 283 AH A5 s A
At ECMWF o3 md AHE5S 7|zxdez Aol fou3t H5S Hole AF3AT

setup ©AE O AdE AA G

olatieo] A% ECMWE S25 o2 48 o3} RAL EF ol 4% w©x %o 2hudy
o we} ojBA A =AE AHAHEFHow FHr)sly . ECMWF-S25(2024 W )¢ 3F
71 (TMAX)Z ERAS AEA AFE thdoz, 90W R4 7)uke] o)z gy} 75 - 90w &
£3l4th o]% U-Neti} Attention U-Net & 7}A 9
TEE A FseF AASAT. 18d(2004~202D)
< AAst 2ds B@rigk 23, ECMWE AHA
nde AAHORE o BSSA T E
o] EAstAdet. 53] ozl =¥ +
AdstH, BSSE HJUHde = =
ttention WA Y Z0] - 23

3
o
O:

of )y K >
N
=
1o
)
ofy
lu
)
N
iy
£
o
N
N

4

TZo| Y, 12 Y F
sk 713 233(2022~2023)8] HI2E 7|3+
Brier Skill Score(BSS)&= ¢ 0.2 +Eo & Wtony,
T8kl ECMWE thHl K9] 7ol yehde
Attention U-Net Zgo] #= ez} 714 {FASE &5
2 M FE& BYY ol 12 ©A EAA ZFdE A
&S e AlAFRHTH

o & o b

1o

o
o1
0l

o g, AR @9l A 3H4F 95 53] A% "dEd IRk 27 RIS )
B3k th T Multi-task learninge] &3, W4 2¢3 2AY 3 W4, 2d T2} o=
Aol HAlE 4TS FAHORE FPH AT Multi-task learning 71H-S A+ 3 A5
TE W SFEFoeEH Zo AR HEde adHow ZFE Fo AF Ae AR
(CSI, TCC B)ellAl 7MAg ZAs BHvh = 1060¢ Y 9 A7) HY ¥ys 28T
o Zgo] FgEo ALY HesAH wAgR Mes Edste] &8ss Aol 53 A d
Zol 835 stk ResNetell LSTMS 233 725 A3zt g A4l Axe B
T rde] A a3t ASHNY. FFols FE A5 AWt dTATXAD ¥e
Este] A= 234 4S AFSsal £ F8 A5 29le EYstaA I

Ao R, FokAlol sy a2 A5E el o] A9e 2Fse B A9 M <
SF - d2, t7] 29 ke - 25, A 5 G-yl V1R RF AHRE St F8 A
45 FEIL, olE 3F o|F 9 Folol aF HEHow FASUY- UNet 729 A4¥ =
S btk MY AAAAE FE MR oiye &4 et B Fxo Oid g
U= 23S A&sta, wak 230 Wrgd RE 2dS AFo] FF Hluwste] A¥ 3F F
ofrlob s g2 S HAH setupe =FSAUTE AAHOR, 205 =S HluE FL
Al Rl A 71 W oo Y- A M - 252 i ARE ASstal, olF 21



Y

Aol AEAE Rolshe £4 B4 A8, U

ke
2 Frhets HERE Aol Ae iAol 7Sttt AAR setup
g 5

oA dojzl FolAlol 71E S ol gk A5t FA £A4 Ay
E AAFst FHsk7] Hs AFAGitHub)E 839t o] AZAe FolAlol AHQ1-
48° N, 114-141° B)& tiAe 2 3t 71& Z3dA A A A(EastAsiaClimateExtremes)S =3}
31, o] &(AHT), Z9(HR), ¥LHMHW) 59 Fo =3 A4S A7 2 Az 7)§ke
2 AFss A5 A4St Z=E AFgrh. ERA5 OISST, ECMWF-hindcast(H 7 2016 2
20205 &8st 9 2 FE w99 7L, A, dMrHE A5 dA AAY, 715 BHd
%, 90/95M -2 AAFE =S TE olF VWMo 2 A &AFD), §8F(G) 7R D3GS F)
= X—I%OH 3 oJMIES] WA H%, A&7|3F Hi B Ho Ax, SFAF T AR =29

extremeness A <=(Extreme Days, Mean Intensity, Max Intensity, Impact Factor)&

= % Gare Adsl AZE ARG DolHDATA) 2 T=CODES) MED: EobAlol
k3

o] 712k B4, Ad] oZ, 23 Al 79 1% 9 mdo] g5 g iy As
At N AAozN PFHAYL. AF AT} £7o BF AT T ]
g % St & ATl AEAQ] 717 e Ao g ZdRith

T

o>“
™
i
5
£
J[N‘
ol
ot

_iv_



S

%

Ak

A -

o3
T

g o147+ 4

==
=

2.1.2. o]747]

2.1.1. 4

A g

1

L
iz

A

;of

H

o
=N
s

o
B

=K

N
w

19
19
31
37
37
39
39
39
40

multi-task learning 7]%

}

F 2R 2l A e
9

i

A
__?4

o

—

==

d4d 74

1] A
2.3.1. FolAlo} A 3/4F o]

Am{
=

]

2.3.3. A3 3F ZolAo} Y uFL o= 1w

2.2.2 9]

INE
)
Njo
N

o
N

£

N

Jo

nze]
Gl
ol
Jo

Ho
o]

40
42

2.5.1. GitHub ¥ Git Repository By T ey

2.5. FopAloL o] 7% <
2.5.3. Repository A A

42

N

3.1 FolAol A3 34

311 zhd 7o) o

42
45
o7
o7

E IR K

Q X

—

3.1.2.

04

olo

3.2.2. Multi-task learning &

65

o7

o
<
0
e
N

=

B

68




75

A

ar

3.3. A3 35 FolAlo} 3

79

‘mo

77
78

3.3.2. UNet

82

.mo

Jo

)
wK

o
1

a

e]
o
A

89

o

3.4. FolAlo} o]

89

3.4.1. AH O] A AT| eeeereerees

90

ol
=

342 ol 471% e

94

343, B AT e

97

]
byl
mK

o

100

REfErences «sesesssessssssssssssasesnnes

_Vi_



|

3

Table 2.1 This table describes the configuration of the prediction targets and domains for a
subseasonal TMAX forecasting experiment over East Asia. It summarizes the spatial and

temporal domain, resolution, target variable, and lead-time settings for daily maximum

temperature forecasts centered on the Korean Peninsula. «eessesesseeesseecsceesnee 10
Table 2.2 A set of atmospheric variables used for detecting and characterizing anomalously
high-temperature. The table summarizes each variable’ s category and explains its specific

role in identifying circulation, moisture, and pressure patterns associated with extreme high

LEIMPETALULE. wrsserserssesserssrssessenserssssseusersssssensersssusesssssssuseussssssssessensssssessessssassssessssasens 10
Table 2.3 Classification Criteria for Binary and Multi-Class Heat Extremes Based on 3rd Week
Mean TMAX. The labeling rules used to categorize temperature conditions during the 3rd
week (days 15-21) based on mean maximum temperature percentiles. —sessssssssessscsessssnscsnsicsnne 11
Table 2.4 Classification Criteria for Binary and Multi-Class Heat Extremes Based on 4th Week
Mean TMAX. The labeling rules used to categorize temperature conditions during the 4th

week (days 22-28) based on mean maximum temperature pPercentiles. sesessssssssesseesnsssensesenscnsnce 12

Table 2.5. List of basic input variables used in this study. sessesssessessessneees 14
Table 2.6. List of multi-scale decompoased input variables used in this study. A total of 48

input variables were used and tested in this study. The variables shown in bold are the final

input variables selected in this StUY. sewsswsesseserssmssesessensenssnseasensensensnsseasensenssnssnssessessensensenssessessensens 16
Table 2.7. Categorical labels assigned to each count of extreme rainfall events. «eseseeeseeeeees 17
Table 2.8. Data split strategy for extreme rainfall prediction model. <= 18
Table 2.9 Training input: variables and temporal/spatial range «:sssseseeeees 19

Table 2.10 Hyper-parameter Settings of the Study. The table summarizes the key
hyper-parameters used in this study, including training configuration and model architecture
settings. It lists values such as the number of epochs, batch size, learning rate, optimizer,
activation function, and kernel Sizes applied. ssssssssssssssmsssssssusssssssrssssssisssissssssssssssssssssissssssenss 23

Table 2.11 Activation Functions and Loss Functions for U-Net and Attention U-Net According
to Label Type. This table summarizes which activation functions and loss functions should be
used when training U-Net or Attention U-Net models for binary and multi-class segmentation

tasks. It outlines appropriate combinations such as Sigmoid with Binary Cross Entropy for
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binary labels and Softmax with Categorical Cross Entropy for multi-class labels. «essssssesseeeeeess 24

Table 212 Hyperparameter Settlngs .............................................................. 31
Table 2.13 Prediction Target: variables and temporal/spatial range Of label seesssesssesscensessseencenss 31

Table 2.14 Key methods: learning rate, loss function setting, input data standardization and

evaluatlon metrlcs apphed ......................................... 33

Table 2.15 Climate indices utilized as external inputs in UNet model -« 36
Table 2.16 Directory Structure and Example Files in the repository “EastAsiaClimateExtremes”.
The table provides an overview of the main directories used in the repository along with

representative example files. It outlines folders for code scripts, datasets, and visualization

Outputs' ............................................................................. .41
Table 3.1 This table contrasts U-Net with Attention U-Net across key dimensions such as
probability strength, spatial patterns, BSS, extreme-region behavior, and overfitting tendencies.

It highlights the clear performance gains and improved stability achieved by incorporating

ALLENTION MECHANISITIS, svessessseesessssssssssassassansssssessanssassanssassassasssassasssassassssasassasssassannes 56
Table 3.2 This table contrasts binary and multi-class modeling approaches in terms of
learning stability, sensitivity to class imbalance, probability prediction behavior, BSS outcomes,
and extreme-heat detection. It shows that binary models genersally exhibit higher stability and

accuracy, especially for extreme events, while multi-class models suffer from greater noise

and imbalance CffECES. crereesereccercccancceenccenncccannceancenncceenccanncecanceancancccanccsanccasnecsance 57
Table 3.3. Performance metrics for rainfall amount prediction at a 3-week lead. «eseeseeeeeeeens 59
Table 3.4. Performance metrics for classification of extreme rainfall weeks at a 3-week lead.
59

Table 3.5. Performance metrics for rainfall amount prediction at a 4-week lead. reeseeeeseeeeees 61
Table 3.6. Performance metrics for classification of extreme rainfall weeks at a 4-week lead.
61

Table 3.7. Performance metrics for rainfall amount prediction for different grid points. - 63

Table 3.8. Performance metrics for classification of extreme rainfall weeks for different grid

pojnts' ............................................................................. 64

Table 3.9. List of jnput Variabhle SEtS. seeeeccecscercccecceencccncceencccnccrnccencsrsccencsasccences <60

Table 3.10. Example codes for data processing and visualization (file name, description and

loc ation) ................................................................................ 90

Table 3.11 List of output statistics generated and stored by the example codes. rseseseeseseees 94
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Figure 1.1 Comparison of annual mean MHW statistics-total days (top), frequency (middle),
and mean intensity (bottom)-derived from OISST for 1982-2024(1st column), P1: 1982-2002
(2nd column), P2: 2004-2024 (3rd column), and the difference between the two periods (4th

Column) L seeessesecaesctannitantanstttnttansstenstaensttessttnstansstentttrstaesstanestanstansstersssesssanassarsssanssanes -5

Figure 2.1. Study domain for extreme rainfall. The entire study domain commonly defined

(left column) and enlarged view of the selected grid points (right colummn). sesssseseeeesesesenseccses 7
Figure 2.2. Diagram of temporal variation of input variables by influence category. «e:ssssee- 14
Figure 2.3. Schematic of multi-scale temporal components of daily variability. eesessseseeesseeeseeens 16

Figure 2.4. Example of how weekly rolling sum on daily rainfall works. Rainfall amount
(mm/day) shown in bold is the extreme event that exceeds 90th percentile threshold. Figures
shown in red are the extreme cases, and those in blue are the non-extreme cases. «sw= 17

Figure 2.5. Extreme rainfall counts (red bars) and extreme rainfall amount (blue bars) at a

grld pon’lt in D024, eeeeererrcccrennieteannitienniieteaniiittttnitttnieteaniiettttntetataitttanscstaasssssasssscsane 18

Figure 2.6 Attention-Enhanced U-Net Architecture Overview. The diagram illustrates an
encoder-decoder U-Net architecture augmented with attention gates that refine
skip-connection features. It shows how multi-scale encoded features pass through attention

modules before being merged with decoder layers to produce the final output. ssessesseeseeseeseess 21

Flgure 2.7. Dlagram of Slngle_task learnlng ..................................................... 25

Figure 2.8. Diagram of multi-task learning. The structure in the colored box is the one

chosen for this study. ............................................... 26

Figure 2.9. Overview of the model architecture used in this study. seese 28

Figure 2.10. The model architecture used in this study with the details on the modified

ResNet_lg model ............................................................... 28
Figure 2.11. List of architectures for residual neural networks with different layers. —eeee---- 29
Figure 2.12. Residual network with 34 parameter layers (He et al., 2015) 30

Figure 2.13 Diagram illustrating the training process, including input data stacking, model

architecture, and the two-dimensional label distribution with EAMS.  eeeees 32

Figure 2.14 Seven ablation tests to isolate the optimal Al model setup for EAMS MHW

TOTECASE, seeereereeereressssssrnneeeeruenssssssessseeesnenssssssssssssessssssessssssssessssssssssssssssssassassnsssssssses 34
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Figure 2.15 The five Earth System components (Flux, Ocean, Static, Wave, and

Upper-Atmosphere) evaluated as potential input features for the MHW forecast model.

Component Variables are hsted in Table 29 ................................................... 35
Figure 3.1 ERA5 3-week mean of daily maximum temperature binary labels for ensemble

members on October 10’ 2023 ......................................... 42

Figure 3.2 Spatial distribution of 3-week ECMWEF mean daily maximum temperature binary

labels across ensemble members‘ ..................................... 42
Figure 3.3 Multi-Class ERA5 3-week mean of daily maximum temperature label ensemble

distribution on October 10’ 2023,  eeccercccensctenictanittanittnitenittencttnsstenssttnsssansssasssenes 43

Figure 3.4 This figure shows the multi-class classification results of ECMWF ensemble
members for the 3-week mean daily maximum temperature on 10 October 2023. «seeseseeseseees 43
Figure 3.5 ERA5 4-week mean of daily maximum temperature binary labels for ensemble

members on October ]_O’ 223, eeceersscsencccnncctenictenitttnnttenisttnsstanssenssstssssansssanasses 44

Figure 3.6 Spatial distribution of 4-week ECMWEF mean daily maximum temperature binary

labels across ensemble members‘ ......................................... .44
Figure 3.7 Multi-Class ERA5 4-week mean of daily maximum temperature label ensemble

dlstrlbutlon on October 10’ 2023 ............................................. 45

Figure 3.8 Spatial distribution of ECMWF 4-week mean daily maximum temperature

multl_class 1abels on October 10, 2023 ......................................................... _45

Figure 3.9 Ensemble U-Net binary probability prediction maps for October 10, 2023. The

figure illustrates 11 ensemble probability distributions predicted from a U-Net model trained

with a 3-week mean daily maximum-temperature label. «eeeseeeseeesesesesesncnese 46
Figure 3.10 Ensemble Attention U-Net binary probability prediction maps for October 10,
2023. The figure illustrates 11 ensemble probability distributions predicted from a Attention
U-Net model trained with a 3-week mean daily maximum-temperature label. «esseseeeseeeececeens 46
Figure 3.11 Ensemble U-Net binary probability prediction maps for October 10, 2023. The

figure illustrates 11 ensemble probability distributions predicted from a U-Net model trained

with a 4-week mean daily maximum-temperature 1abel. —«eseeseesseesssensssensneee 47

Figure 3.12 Ensemble Attention U-Net binary probability prediction maps for October 10,
2023. The figure displays binary probability predictions generated by a Attention U-Net model
with a 4-week mean daily maximum-temperature for 11 ensemble members on October 10,

D023, sereeereesessssssssssssesssesasesesesesesesesesesesesesesesesesesesssatatetesesesessassessasasasasssnssssssensasasnsnen 47




Figure 3.13 Ensemble based U-Net multi-class probability prediction maps on October 10,

2023. These maps show ensemble probability distributions predicted using labels based on the

3-week mean maximum temperature on October 10, 2023. seeseeseceneensessncnne 48
Figure 3.14 Ensemble based Attention U-Net probability prediction maps on October 10, 2023.
This figure presents probability maps generated by a multi-class U-Net model with the
3-week mean maximum temperature for 11 ensemble members on October 10, 2023. <« 48
Figure 3.15 Ensemble based U-Net multi-class probability prediction maps on October 10,
2023. These maps show ensemble probability distributions predicted using labels based on the

4-week mean maximum temperature on October 10, 2023. ceseeeeeenceneseesennene 49

Figure 3.16 This figure presents probability maps generated by a multi-class U-Net model
with the 4-week mean maximum temperature for 11 ensemble members on October 10, 2023.
49

Figure 3.17 The left panel shows the binary label of 3-week mean daily maximum
temperature derived from ERAS5 for 10 October 2023. The right panel presents the average

of eleven binary labels from the ECMWF-S2S ensemble for the same 3-week mean

LEMPETAtUTE PEIIOW. rersserserssrssenserssrsssuseussrsssusenssnsstassusenssnsssssenssnsssussssenssnsssssensssssense 50

Figure 3.18 This figure shows the averaged probabilities from 11 ensemble predictions
produced by deep learning models trained on binary labels of 3-week mean maximum
temperature. The left panel displays results from the U-Net model, while the right panel
shows corresponding outputs from the Attention U-Net model for 10 October 2023. «esseeeeee 50

Figure 3.19 The maps show the mean probabilities obtained by averaging 11 predictions for
the multi-class labels of 3-week mean maximum temperature on 10 October 2023. The left

panel corresponds to the U-Net model, while the right panel shows the results from the

Attentlon U_Net model ................................................ ....60
Figure 3.20 The left panel shows the binary label of 4-week mean daily maximum
temperature derived from ERA5 for 10 October 2023. The right panel presents the average

of eleven binary labels from the ECMWF-S2S5 ensemble for the same 4-week mean

LEMPETAtUTE PEIIOW. wersserserssrssenserssnssessensensssusenssnssessessenssnsssssenssnssessessenssnsseasenssnssense 51
Figure 3.21 This figure shows the averaged probabilities from 11 ensemble predictions
produced by deep learning models trained on binary labels of 4-week mean maximum
temperature. The left panel displays results from the U-Net model, while the right panel
shows corresponding outputs from the Attention U-Net model for 10 October 2023. «ssseseees 51
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Figure 3.22 The maps show the mean probabilities obtained by averaging 11 predictions for
the multi-class labels of 4-week mean maximum temperature on 10 October 2023. The left
panel corresponds to the U-Net model, while the right panel shows the results from the

Attention U-Net MOUE].  ceeveereccsercccerceencceencceacerncccancsesccerscsesscssscsessssssssessssssssssssssssssassssssssasssssssssssssasssanes 52

Figure 3.23 The figure compares brier skill scores (BSS) for binary 3-week mean
maximum-temperature over 2022-2023, contrasting ECMWF-S2S (left) predictions with
probabilities generated by U-Net (center) and Attention U-Net (right) models. — «wseseeseseeseseeees 52

Figure 3.24 The figure compares brier skill scores (BSS) for binary 4-week mean
maximum-temperature over 2022-2023, contrasting ECMWF-S2S (left) predictions with
probabilities generated by U-Net (center) and Attention U-Net (right) models. —«esseseseeseseesee 53

Figure 3.25 The figure compares the multi-class BSS derived from raw ECMWF-S2S 3-week
mean maximum temperature with those from U-Net and Attention U-Net models trained on
multi-class labels. The middle (U-Net) and right (Attention U-Net) panels show how the
deep-learning models improve or modify regional skill relative to the ECMWF-S2S predictions

(LEFL), sosssssssssssossonsusssssssssssesensssssssssssssensnsssssissossessussssssstossssenssasssssstsssssensssssssstsssensnsssssioses 53

Figure 3.26 The figure compares the multi-class BSS derived from raw ECMWF-S2S 4-week
mean maximum temperature with those from U-Net and Attention U-Net models trained on
multi-class labels. The middle (U-Net) and right (Attention U-Net) panels show how the
deep-learning models improve or modify regional skill relative to the ECMWF-S2S predictions

(1eft) .................................................................................... 54

Figure 3.27 The left panel shows violin plots comparing the spatial BSS distributions of
ECMWF-S2S and the U-Net, Attention-U-Net-based models (binary and multi-class labels) for
3-week mean maximum temperature. The right panel displays the BSS differences obtained
by subtracting the ECMWF-52S based BSS from each model’ s BSS at every grid point. --:55

Figure 3.28 The left panel shows violin plots comparing the spatial BSS distributions of
ECMWF-S2S and the U-Net, Attention-U-Net-based models (binary and multi-class labels) for
4-week mean maximum temperature. The right panel displays the BSS differences obtained
by subtracting the ECMWF-S2S based BSS from each model’ s BSS at every grid point. --:55

Figure 3.29 Comparison of BSS differences between 3-Week and 4-Week. -«eeeeeeeeesessecencencene 56

Figure 3.30. Timeseries of rainfall amount at a 3-week lead predicted by the final model for
a grid point near Seoul on test data from 2023 to 2024. Weekly accumulated rainfall amount

from ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in
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black dashed line. Extreme cases that exceed the 90th percentile threshold are shaded.

Predicted rainfall amount is shown in yellow solid line with hits cases in red circle and false

alarms in purple Cerle ................................................... 58

Figure 3.31. Scatter plot of rainfall amount at a 3-week lead predicted by the final model for

Seoul grid point compared t0 actual AMOUNL. ssessesserssrssessensensensseasensensenssessensenes 59

Figure 3.32. Timeseries of rainfall amount at a 4-week lead predicted by the final model for
a grid point near Seoul on test data from 2023 to 2024. Weekly accumulated rainfall amount
from ERA5 reanalysis data are shown in black solid line. The 90th percentile threshold are in
black dashed line. Extreme cases that exceed the 90th percentile threshold are shaded.

Predicted rainfall amount is shown in yellow solid line with hits cases in red circle and false

alarms in purp]e CITClE.  seeersosssnertossssnenssssssnerssssssnssssssssnesssssssnessssssssssssssnsssssssnssssos 60

Figure 3.33. Scatter plot of rainfall amount at a 4-week lead predicted by the final model for

Seoul grid point compared t0 actual AMOUNE.  sesssserssssssssssssssssssusssussssssusssasssancs 61
Figure 3.34. Timeseries of rainfall amount predicted by the final model for a grid point near
Daejeon on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall

amount is shown in yellow solid line with hits cases in red circle and false alarms in purple

ercle. ................................................................................. 02
Figure 3.35. Timeseries of rainfall amount predicted by the final model for a grid point near
Busan on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall

amount is shown in yellow solid line with hits cases in red circle and false alarms in purple

CITCIE.  eseeveccrnccencceanceennccencccancceanccancccanccersccsascssnsccascssnsccancsssnsssscsssscsnsesssssssnsssansssansss 02
Figure 3.36. Timeseries of rainfall amount predicted by the final model for a grid point near
Gwangju on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall

amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
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Figure 3.37. Timeseries of rainfall amount predicted by the final model for a grid point near
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Pyungchang on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERAS
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall

amount is shown in yellow solid line with hits cases in red circle and false alarms in purple

Clrc]e ................................................................................. 63
Figure 3.38. Comparison between single-task learning-based results (green solid line) and
multi-task learning-based results (red solid line). Weekly accumulated rainfall amount from

ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in black

dashed line. Extreme cases that exceed the 90th threshold are shaded. —eessesesessseeeneese o4

Figure 3.39. Model performance of critical success index (CSD) values for each bar on the left
column and temporal anomaly correlation coefficients (TCC) values for each bar on the right
column for each combination of variable set (refer to Table X.X for list of variable sets).

Best combination in pink circle is composed of ISO, low frequency, and climatology

Components' ..................................................................... 66
Figure 3.40. Summary of experiments of combinations of variable set with critical success
index (CSI) values for each bar on the left column and temporal anomaly correlation

coefficients (TCC) values for each bar on the right column. Best combination in pink box is

composed of ISO, low frequency, and climatology COmMPONENtS, <eesseeesseeeseee 67

Figure 3.41. Comparison between ResNet-18 (green solid line) and ResNet-18+LSTM (red solid
line). Weekly accumulated rainfall amount from ERA5 reanalysis data are shown in black solid
line. The 90th percentile threshold are in black dashed line. Extreme cases that exceed the

90th threshold are Shaded .................................................. 68

Figure 3.42. Bar plots of ECMWF (1.5° ) forecast model performance for total precipitation
compared to ERA5 reanalysis data for week 3 (radish colored bars) and 4 (blueish colored
bars) for different grid points for all seasons and individual SEASOMN. ssssessssesssssssesssnesnsnesesniennsd 70

Figure 3.43. Timeseries of weekly accumulated rainfall amount at grid point 1 for week 3 and
4 in the top two panels and the corresponding ECMWF forecast results. The 90th percentile
thresholds are shown in black dashed line for ERA5 and ECMWF hindcast data. Hit cases that
overlap each other are shown in red circle in both ERA5 and ECMWE panels. «seseeeeeeeeeceeees 71

Figure 3.44. Timeseries of weekly accumulated rainfall amount at grid point 2 for week 3 and
4 in the top two panels and the corresponding ECMWF forecast results. The 90th percentile
thresholds are shown in black dashed line for ERA5 and ECMWF hindcast data. Hit cases that
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overlap each other are shown in red circle in both ERAS and ECMWE panels. «eesseeeeeeeneneeess 72
Figure 3.45. Timeseries of weekly accumulated rainfall amount at grid point 3 for week 3 and
4 in the top two panels and the corresponding ECMWF forecast results. The 90th percentile
thresholds are shown in black dashed line for ERAS and ECMWF hindcast data. Hit cases that
overlap each other are shown in red circle in both ERAS and ECMWE panels. «eesseeeeeeeneneeess 73
Figure 3.46. ECMWF forecast model performance for extreme precipitation for week 3 and 4
with performance metrices including accuracy, precision, recall, F1-score, and CSI.  seseeseeee 74
Figure 3.47. A case study with results for the Seoul grid pOINt. — seesessessesencsnesssssncsnisisninseisnienend 75
Figure 3.48 Boxplots showing the distribution of (left) ACC and (right) CSI across three groups
with different input domain size/resolution (G5: global 5deg, L5: large 5deg, S2.5: small 2.5deg)
on the x-axis, with colors indicating the scale of loss function weighting (0,2,4, and 6) for the
104 test samples across 2023-2024. The central line (white circle) in each box denotes the

median (mean), box edges indicate the first and third quartiles, whiskers extend to 1.5 times

the interquartile range, and points beyond the whiskers represent outliers. 76
Figure 3.49 Similar as in Figure 3.48 but for two groups with different train/validation sample

fraction (3:1 vs 2:1) for x-axis. Blue horizontal lines indicate the overall mean across all

samples, independent of the loss function weight ScCale. «esssesssssssessesnesesessseneneisesncseicinee 77

Figure 3.50 Boxplots showing the distribution of (a) ACC and (b) CSI across three models
(Base UNet, Attention UNet, and Swin-Transformer UNet) along the x-axis. Colors indicate the
temporal sequence of input data (white boxes for one-week inputs and navy boxes for

three-week inputs). The green horizontal line represents the ECMWF marine heatwave

forecast skill at a 3-week lead tiIMe. ceeeeeceeescererccccenccctencctennicceennccseanccsaanccsanncccens 78

Figure 3.51 Boxplots showing the distribution of (a, ¢) ACC and (b, d CSI across six
input-variable combinations (all, woF, woO, woS, woW, and woU; see Table X.X). The red
horizontal line indicates the mean skill of models trained with all input variables. Reddish and
blue arrows indicate relative performance of models trained with each reduced input set
(without Flux, Ocean, Static, Wave, or upper-atmosphere variables); upward arrows mark
lower skill and downward arrows higher skill relative to the all-input baseline, highlighting the
positive or negative contribution of each component to model performance. -sssssssesseesseeeeens 80

Figure 3.52 Similar to Figure 3.51, but focusing only on the CSI results for (a) UNet and (b)
swinUNet across five different input-variable combinations. Opaque and transparent red

horizontal lines represent the mean and median skill of models trained with the minimum
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(baseline) input variables. Opaque and transparent arrows indicate the mean and median skill
improvements relative to this DASELINE. serssrseserssessessenserssesensersessesserssesessenssrssessenssnssessenssnsssssessensss 81

Figure 3.53 Boxplots showing the distribution of ACC (upper panels) and CSI (lower panels)
across four additional-input conditions (None, Both, Climate Modes only, River Discharge only;
see Table X.X). Panels (a, ¢) show UNet models, while (b, d show swinUNet models (latter
tested only with/without River Discharge). The green horizontal line denotes ECMWF marine
heatwave forecast skill at a 3-week lead time (the same as in Fig. 3.50D). seeeeseceesesecsesecenees 82

Figure 3.54 (a) Scatter plots of ACC versus CSI for all trained models, organized by model
architecture, input domain size/resolution, validation sample proportion, loss scale, multi-modal
inputs, and temporal input sequence (from left to right). (b) The fraction of good models,

defined as those falling within the top-right gray box, relative to all ensembles in each

category mentioned in (). seewssesesserssessensenseusenssnssenssnssensensssssensenssessenssnssenssnssense 84

Figure 3.55 Weekly evaluation of ECMWF 3-week lead marine heatwave predictions across
2023. The top-left three panels present the temporal ACC (eft), RMSE (center), and CSI
(right) at each grid point. The bottom-left line plots show the spatial ACC (black) and CSI
(magenta) over EAMS for each week. The top-right line plots illustrate the temporal variation
of the weekly Impact Factor (weekly extremeness) for the grid point nearest to Dok-do
(37.5° N, 130.5° E), based on observations (OISST, yellow) and ECMWEF forecasts (gray for
individual ensemble members and thick black for their ensemble mean). The bottom-right two
panels depict the spatial distribution of the Impact Factor for the marine heatwave event

during the week beginning 30 July 2023, comparing observations (OISST, left) with the

ECMWF ensemble mean forecast (right).  sssssssssssssssssmusssssssssssssssssussssssssissenes 86
Figure 3.56 Performance of the two best Al models: weekly evaluation of 3-week lead marine
heatwave predictions throughout 2023. (a) shows a swinUNet model with the
3Wseq/S2.5/wFOS/RD_added/2:1 train/validation ratio setup, while (b) presents a model with
the same configuration but using a 3:1 train/validation ratio. Details are the same as in

Figure .55, cesssssssssssssssnnnnnnnenennnntntntttnttttttttttttttttttttttttttttttstssssssssssssssssssssssssssssssssssane 87

Figure 3.57 Same as in Figure 3.56, but for Al model ensemble forecasts. Ensemble members
in (a) are swinUNet models with the S2.5/2:1 ratio/weight scale=2/RD_added setup, while
ensemble members in (b) are swinUNet models with the S2.5/1W sequence/weight

Scale=2/RD_added Setup ..................................................... 88

Figure 3.58. EastAsiaClimateExtremes GitHub main page screen shot 1. seesssssssecesssssscscsnennee 89
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Figure 3.59. EastAsiaClimateExtremes GitHub main page screen Shot 2. ssessseessesscsessscsscsnisnene 90
Figure 3.60. Timeseries of daily 2m air temperature at 36.0° N, 127.5° E in 2024, showing
the original data (black), climatological mean (green), 90th percentile threshold (red), and

anomalous hot days exceeding threshold line (red shaded) and extreme days identified as

event perlods (blue Shaded) $0000000000000000000000000006000000000000800000000000000080000000000000000000000800 <91
Figure 3.61 Spatial distribution of long-term mean and trend of marine heatwave event

statistics: (left) frequency, (middle) total days, (right) mean intensity derived from daily SST

timeseries over East Asia Margjnal SEQ. eeerererersssanittnitttnictaittenittentttnictenssanscseneses 92
Figure 3.62 Spatial distribution of extreme weeks: annual mean statistics of anomalously hot
weeks derived from weekly T2m timeseries over East Asia: (Left) frequency (times per year),
(middle) mean intensity (° C per year), and (right) maximum intensity (° C per year). s 93
Figure 3.63 Spatial distribution of 90th-Percentile extreme temperature frequency based on

ECMWF_SZS VerSIOnS 2016 and 2024 .................................................................. -93

Figure 3.64. Screen shot of visualization code 1: Timeseries and Heatmap Visualization for

EXtreme EVETILS,  ceeeeeeeeeeeceeecececccncecccccecececccececccccccccccececcccercssssssssscssccsscssssssssssssssssssees 95

Figure 3.65. Screen shot of visualization code 2: Weekly Extreme Analysis: Frequency, Mean,

and Max Intensi‘[}/. .............................................................. 96
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Figure 1.1 Comparison of annual mean MHW statistics-total days (top), frequency (middle),
and mean intensity (bottom)-derived from OISST for 1982-2024(1st column), P1: 1982-2002
(2nd column), P2: 2004-2024 (3rd column), and the difference between the two periods (4th
column).
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SotNotdAE FdstA AL & Atk uvk YA, HA FAEW 34 VEdE 24T
of wet T A 2 EExE= SEpXith

2.1.2. o]Z71%F A - 33 95 B@A

B dAl= 74]7%1141 /\l
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o e dF Bl 24 46.5° N, 1185° E ~ 141° E =#|¢l& tido= 15 °x1
5 °AA =l 3FAH15~21%) R 4F2H22U~28Y)9] 7+ HF Har]eeltt

e o 2l A B2 Ad¥ 3F B 4Fe] 9 dAelH, FE A FF 9
SFrIrE F4 HeE AAsan. F3t dF B A9 Figure 213 2o £24 8
T8 B, A SAS S A IRV 2 A9e st F 53(A e, Ak A,
B, B AAAE AT F9-0] B 2 3 R g A Hsto] g gl
Bl FAHY £ glo] APE 0.25%0 dFstE AAYAAY] e s Hoaga, 7
AZAHER N8 oS mdS gkt

Full Domain

115°E 120°E 125°E 130°E 135°E 140°E

ERA5 Grid Points

125°E 126°E 127°E 128°E 129°E 130°E

125°E 126°E 127°E 128°E 129°E 130°E

115°E 120°E 125°E 130°E 135°E 140°E

Figure 2.1. Study domain for extreme rainfall. The entire study domain commonly defined
(left column) and enlarged view of the selected grid points (right column).



T ol miIMAIE 24° N ~ 46.5° N, 1185° E ~ 141° E =9l 1.
Erlo® a5, Fef/el/sF=siol 23d AAtel s A 373 A=

2 A o7 F dF AFA T 2 FTHAAZS ERASECMWFE Reanalysis vb) &4
A= (Copernicus Climate Change Service (C3S), 2017)el 7]¥tsl] == Utk ERAS Al A=
= A AA 7% EXe dig fH F7IGEAEECMWE, European Centre for
Medium-Range Weather Forecasts) 5AM|t A &4 50|ttt A4 B (Reanalysis Data)gk &
AAANA =38 #5 ol E 22 dole et Adal =2yl wet d AFH0=2 st
T Id#E ABER PBE Aotk o= AF F3Hdata assimilation)ZHeE WHE FI HEAA =
o], ol €48 AXHECMWFE 7] 1247wt} o)A oH e} A2 S0 AZARE HAHOE
Ags) 7] e Hge FAH(S, B4, analysis)S THEI o] E HIFHOZ HA HE A

7L 7]

Qs Polth olF B BEARE WOR U ARE 714*40}04 AHEFOEH =
A Ase AL PIAND ERASE t7], sl Sol sl k@ ase) g F7
& Az By FAL 104 AL 215D U gPee A@.—g—o—s 3M7 A0

S5, dE B 2 4 AR I AFHT ARE ZHEYFA
(Copernicus Climate Change Service, C3S)ell4] CDS(Climate Data Store)E 53l

A AEE 7 Aok AEE 0255 FWNEEE AFEHH A AT Axstd 5344
TAAE wFEHo] dow, 1940dFE AmrE AFEHIL o AXFE As+ ERAS hourly
data on single levels from 1940 to present, ERA5 hourly data on pressure levels from 1940 to
present AFE Al A A|F=E 1 O, pressure levels= 1000hPaf-E 1hPa7lA] 377 Fo=2
dxo] otk AIZFE ERAS A5+ wid HEHOlEFHT o 549 Ado] Ak FHZFol ERAS
post-processed daily statistics on single levels from 1940 to present®} ERA5 post-processed
daily statistics on pressure levels from 1940 to present®] ¥ AFAlo] SAIE AT LHHF,
dd Hdl " HA FAXANE AFHH, dABRAA ] LY 9] W= AEP AL 1, 3, 64
AR AFHAY. Y FAA A5 uld HulolEFHT oF 649 A o] Utk

ok [y o B L
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MY 34T o) FIme - FS - YD oS VoA FAPo] Ut WFEL A
CERAS ARA A4 dAE BN AWHA BE 2357 A - B4 AEL A
FARS TEA Dok o471 F e 94 ERASIA ABSHE H1 7 (Tmay), $4%

(TP), j50 LEESDARE BZ, 5 Ao T2 93¢ T3UT FolAloh 15
AN #= g8 o= = OISST (Optimum Interpolation Sea Surface Temperature) V2 ¥YA=
1982-2024 7]1Ztel tis F71& o2 -85 tHReynold et al. 2007, Huang et al. 2021).

i r}o o&‘. 2 K

AR U oATe oz BA W ZEo.gddy ITAL o= AL HrES Y3
ECMWF 9% 54 o Z(Forecast) A5 & €839t ECMWF o & Al~"2 ujF F H =27
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stxlo] mdl AxE AY4siH, Zk 27138} dA(initialization date)EE Ho 46Y7HA o Z3hE
AFdtt. o= A5= HAZE o Z(real-time forecast)?! Forecast®} A of Z(reforecast)Q]
Hindcast2 FA¥th. Forecast= 1702 Ao} A& (control run)z o2 7ol HFs 23
(perturbation run)< 3233 101719 Y& HAWE o]F A 3, Hindcaste &I 729 11
Mol dE WHE FA49T o)A control rund &7] o] WA ¥ |FE 2d

oJu)&tal, perturbation rune #5 ¥ 27| 2 2 WES FUlete BESAAS WY

el

ot nd AslS ou|glt} Hindcast A5+ EA WA mdlz 34 7|7+ AALS AE=E
F2 29 A9 o= A% Hrio LA Forecast A= AAL &9 =07 A <
= e S ASske d AHSEY d& 59 20243 HA 2E HEo] Q& o 2003-2022d

20d) 717rel disiA A<l =9 Hindcast AFF7F A4bE a1 20243 thsiA =

A3}t AEEHe Haelth. ECMWE A5+ 3 4= 1552 AFHT, & dFdA=

control run¥H& ARSI T 7 27138 IRt disl] A8 3, 453}l 3PEte 2
Zste] EMo &&st¥a, 2003-20221d Hindcast AA5 2 HE dY <= 7

Z 90 A E9157(90th percentile) YAIFk= A4t AT Znbo] AL8-3FAT.

222 01371% A& 2d 94¥ ¥Hs 3 2hd A4
2.2.2.1 FolA o} o] (AHT) 2% R AH(Bias Correction) & ¢ &4 A=

B ATE FEF7]dRAME(ECMWE, European Centre for Medium-Range Weather
Forecasts)”} <% 3l= Subseasonal-to-Seasonal Prediction System(e]3} ECMWF-S2S)¢] version
2024 Hindcast Y38 o=9o] o2} WAL Ex= 39k ECMWP-S2S =2 469 Zole| o
= 717+S AFsty, Z7)(edge-start) & 7)¥ke] GAHE o =S I3 o]}\P—ri »ﬂ7}oﬂ
g el o HA7]H(TMAX)S HIZSt 7] &3 9 I #dd T 8 o=

Gl a3 cHTable 2.2). &7 9 A7t s == Table 2.13 2t}

ECMWEF ver2024 hindcast M E+ 2004~2023(20) 717+ Ago]ar, ofo] gk 24° N ~
46.5° N, 1185° E ~ 141° E Ev%l& thF & 1.5 °X15 °AA =4 A& 352KH15~21
o] F3F FH Har|ed 71E W(Table 2.2)5 F=8ith #S 7|28 59T 33t
I At FEE Zr= ERAS AEA e d HiarS AMESte] S5 dF = B
(ead-time)¥ BHFHES 3F FdFow FASAT. A5 ¥Hey FJEE TMAX, TMIN, OLR,
MSLP, 7500, 850hPa, ®}=H(u/v), 850hPae] viF o= FAHM, ol €4g, 7|98, &4
B el o]d 12 Ao E8A aflS FEd] 2wstaA 3 Addoldn. AA 7%
2004 ol A 2023 Foll Al 2004l A 2021 S S XS E, 202230l A 2023¢ S HIZAE
Tro 2 Aottt ECMWE S2S WA 20249 =7] E#(initial date)E 7I¥to.& Hlal FI7IE
A7 27 e HE ALH R mEdd 1099 E4do 7[xolA 10¥€ 1092 HAAsAT

olAmeo] 9x HA(bias correction) Ed 7o A= ERASE I=(true answer) o}
ML A8 ALY T ERASS] TMAXE ECMWFE-S2S TMAXS] o &7k HU3 whalo =z
3F 9 4F HFG AEF] S2S =9 BRAGHEHOE AFgslt Table 2.1 7 =w<l



Table 2.1 This table describes the configuration of the prediction targets and domains
for a subseasonal TMAX forecasting experiment over East Asia. It summarizes the
spatial and temporal domain, resolution, target variable, and lead-time settings for daily
maximum temperature forecasts centered on the Korean Peninsula.

Description Details
|24° N ~465° N, 1185°E ~141°E
Spatial Domain Includes East Asia’s mid-latitude region, centered around the

Korean Peninsula
Spatial Resolution | 1.5 °x1.5 °
Temporal Resolution | Daily (per day)
Target Variable Daily Maximum Temperature (TMAX)
7-day average corresponding to days 1521 of 3-week daily

Target Lead-time | forecast and 7-day average corresponding to days 22-28 of the

4-week daily forecast

Table 2.2 A set of atmospheric variables used for detecting and characterizing
anomalously high-temperature. The table summarizes each variable’ s category and
explains its specific role in identifying circulation, moisture, and pressure patterns
associated with extreme high temperature.

Category Variable Name Purpose
Key variables for labeling and detecting high

Temperature TMAX, TMIN
temperature events

Radiation OLR Analysis of upper-atmosphere heat signal
Examination of spatial structure of low/high

Pressure MSLP
pressure patterns
7500 Identification  of  mid-level  atmospheric
. circulation patterns
Dynamics ; X
Reflection of lower-level jet and westerly
U850, V850 . .
wind variability
) Early signals of heat mass transport and
Moisture Q850

heat dome formation

B AFoA o)X (Binary) ¥ trE ZF~Multi-Class) #H¥, F 71A &4 74
(Labeling)S #A-&3tth ol gdle I3 129 ta BA ofHo) 2¥8S & ot ¢
A A9 10% 23t Hur]eS 12 AYstar 1 9 UHAE 008 Aosts w{o)
T} = 3% "F TMAXZ} 90 ME 94 ojol® 12 W3lely, 1 9= 002 W33tcHTable
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Aol AHE F3 71 HlFo] ZobA HolE wEed ol Astal iAol wesiH
0 = o 2

S 5L 10]7] wj&ol 2 #Z ot
g% 2 il 53 Z=E o AESStH 37 Fo® Ueth 33 H TMAXVL
90 WMELF o] dolH 28 ER/SIAL 75 WMELS o]folA 90 Wi wivlolH 12 RE{/3}
I YA = 0082 WHEdHTable 2.3). %5 29 @l S E4Fo] AMAAY
softmax 7|¥te] thF WHF FE dSFolA AA Esdo] S71d  Je A7 8%Uo] Utk =
g mdo] s Aikdo] S & & AT 3 AEE v HusHA FEol 7} 3t

e Adol itk ol ¥ tF ZFx e YA H8S Table 239 LoFsAth
ERA5-TMAX®] 7]% 717-& ECMWFE ¥ 7 2024¢} EQatA 24 atch

-

ERA59} ECMWF-S2S2] =do] 22ta 2 = (Dimension Alignment)o] & 83}t =3
24 saH(Label Replication) ERA5-TMAXo] 24 3=tl, ERA5-TMAX®] ghdlo]s by o
ol 2kYo] time, lat, lonolth. YL 2HY(ensemble dimension)o] A& ECMWF-S2S2] TMAX
time, number=11, lat, lone]t}. 1A GdEo] 9l ERAS-TAMXe] o] S GdE
2= ECMWF-S252] TMAX x93t gr3=7] 98] s whE = o] o)A “expand_dims”
Ag-3te] ERASY| SdES AT =8 45 HH TMAX s 3F HF TMAXS 5
Sk whHo 2 AR F, 457 H TMAXZE 90 W B9l o]old 12 WH3sla, 1 9
002 WH33HTable 2.4). b= i~ = 4F Hd TMAXZE 90 W E <= o]ito]H 2
WRStaL 75 WMEAT o]l 90 WME S wvtolH 12 BRIt UrA= 002 HE
tH(Table 2.4).

)

rr

L

VO Vo A

Table 2.3 Classification Criteria for Binary and Multi-Class Heat Extremes Based on
3rd Week Mean TMAX. The labeling rules used to categorize temperature conditions
during the 3rd week (days 15-21) based on mean maximum temperature percentiles.

Labeling | Category | Criteria

Classl | 3rd week (15-21 days) mean TMAX = 90th percentile
ClassO | 3rd week (15-21 days) mean TMAX < 90th percentile
Class2 | 3rd week (15-21 days) mean TMAX = 90th percentile
Multi-Class | Classl | 75 =< 3rd week (15-21 days) mean TMAX < 90 percentile
ClassO | 3rd week (15-21 days) mean TMAX < 75 percentile

Binary

ECMWF-52S & Agel tigh B2, & 3F H+ Har]2(o]st TMAX) =8 28 WUH
< ERAS 35 B+ TMAX #hd 3 Fdsity. ECMWE-5259] ¥ 20249 FAAA 7]3H2 2004
178 20239@0Dolth o Hr| 7|E 7 A %27 @ 7IHdte = ECMWE-S2S o =
£ &8st 2 AxE 3F H TMAXC| tisf Table 2.33% 22 E£955 7|H9to g o]
<< Aosta, ol wel 2hEy MEhe FASHAT. WA, ol 2hEw 2 TMAXZE 90
g oo™ 1, I¥ A ¥od 002 TR Waor, dedd st hAA, AAA ¢

F
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ue, thE Zelz ghlEe TMAXZE T5UE9S mlakeld 0, 75 Bgl 5ol A 90U 9] 4
Aol 1, 90 MES|G ool 2% TR RT FAT WA ATIAW, A4 29

=
57 gy Pao] sbht, #

AFE RE BEA AN Y U S LS 4807, 23 L 1wl AIAE

ECMWF-S2S¢] 4% & TMAX ¥ % 33 HHF TMAXS 5U3k wpHo =z A3}
(Table 2.4). =, 45 H+ TMAX7} 90 W E- < o]dolH 12 HE 9]

o g5 Fdx gilE 453 FF TMAXZE 90 B E S o) dold 28 EF3ta 75 o
ol el A 90 WMEL ¢ mgto]lH 12 FFaty YHAE 002 W

Table 2.4 Classification Criteria for Binary and Multi-Class Heat Extremes Based on
4th Week Mean TMAX. The labeling rules used to categorize temperature
conditions during the 4th week (days 22-28) based on mean maximum temperature
percentiles.

Labeling | Category | Criteria

Classl | 4th week (22-28 days) mean TMAX = 90th percentile
ClassO | 4th week (22-28 days) mean TMAX < 90th percentile
Class2 | 4th week (22-28 days) mean TMAX = 90th percentile
Multi-Class | Classl |75 =< 4th week (22-28 days) mean TMAX < 90 percentile
ClassO | 4th week (22-28 days) mean TMAX < 75 percentile

Binary

Rdo] Fd A5E AYstr] A= ECMWE-5259] &4 Ams= 0% WTs9 o
7 B E2EE dA-Yrt 286ttt AAW 2o £ A5E 4Y 4

gk 7kl Eagke o] F AAP AAHL ui¢ Fesin. &3 dA 2= A5 AA P (data
preprocessing)E vt A8 & REdo] oldfld F v FHE HISHAY AmL ﬁélg
SHE dd ?erégi feature tuningeletils ot AA e o8 GAR o] FojA =],
AEZ AYd Ame 7HA FEHz2 #8E + At A HAVE dAAE(aw data) = }_71011
FHE 4E o 1E1§ Aoy, 7AISE Z& AEEEY g £EE A HAgrE HA
g2 HeolH=E HolE AA&A T AAZH dHeolEH7t ol sdHEt. 7 WHAE AR
(prepared data)= Data engineering, & A2 7IHo WetA 5SS 93 tolg 29 323
dlolEl(el, subse)E SJmgTt. o E E9H, A AFT vie} Zo] S2S A F A5 = tF7] o
A&, oS (KM AE, Ax, W9 To2 vFa, By AsebA -gholu 0o glAlAT
nan o7t AT FIsiA FxlE HolEHE ¥ As5gn & F Uk wepx B AT
Ae YAAEZ AAAB/A S GAE Ttk A ®WAVE EH AE(d, engineered
feature &2 engineered data)olth. BAE ©lolE7t H&d <5l M FHE A7t =



ojof &}=dl, ©]Z Feature Engineeringolgta 3t} o E Eof, A
olZ WHIAANIIAY HFY AFRE o5 B9 9 L& AAE 0 &
A71E FAHolth B AFoM A WHoz FF3HStandardization) S A1A
= WS 2AY 2olE & B 714 WS U-Net o] Bslr] o 2+ s
7 #o] standard score® “FitsbotAthEq. [2.1). 7 WM RE 2004d0M 2023 A S5
712ke] Wy BFHAE AFESIY BE Al 54U A EE A 835t thCasella et al,
2002).

J\O‘

X = [2.1]

o714 X 8 H(F=ZE 3L JEH)ola, 4= I HFY HF(mean)olw, o & &
el X}(standard deviation)S 2] v it}

2.2.2.2. 3= 8 AAH F5HR) 458 THAES

A 3, 45 Z5 dF JAFA T EE JEe) &858 VE oY W4y 55L& Table 253
2 48 Wy A A5 3dE Ay 9 845 nHEAT Sy Al I
< FAE 8202 A 7], s Axo o3 FFoE Ud F Utk (Figure 2.2). =3 72
TE A7) AsiAE AR BE ARE FROAA FFS A= e =Y HEE A 1
HE Fart ok AA o] 9 WHFEe Asts 8kgU200/850, V200/850)7 A 9=
(Z500), 3l 7]1HMSLP) %— | 28, ol A7, FubdAd, 71%374 22 g7] &% %
T9F AXE Y I3 Fe 4 95y 2ds A9t £357]) B4 w4l 850hPa
U5 =Q850)2F F tl7] % 7]%(Total Column Water Vapor, TCWV)% o 3 =
7] ¥ FF5 AZE JAdsied =S F 4 Jon AU 8, dAx dde 53
e AAEE gobdd ¢ S Aotk BEAF B W49l OLRS 4853 Ui/ 4EE UE
e o di7 A= AYe] 7] gsde d4E Bl 5 st s vEd
Atk ¥ I HegE W& E(Skin temperature)9 ESFES FgFon, o= AR
M99 AE Fg, AAS A= A3} 55 53 Y] dFE A AY A 9ge o
o ooz sfoF FF WMl AFH2EGSDE sFe tir] 3 E, 57 2Ede 53
FF71el 57 ¥F 218 Z2AsH, 94 AT(teleconnection) WE S F3] Z9 Ao 7+
HAJ WA HRE ATE 4 Ak

0.255°] F8dEE 7HA+= ERAS o8 WFEL BT 2558 &AH3E HIPH(@Bilinear
Interpolation)S #-&3lo] ¢ 2A Y H(upscaling) 3 Th. oo Uy W9 o

3| _] H
3|
Sholl o3t H4tE S7HE estetd, g 94 W =29, 29 T
A3 5o 4L g F&FoR FIPT £ JE Ao AAgTh
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Table 2.5. List of basic input variables used in this study.

Category Sub-category Variable
. . U200, U850
Circulation-related
V200, V850
. Q850
.. Moisture-related
Atmospheric influence TCWV
Radiation-related OLR
. . 7500
Circulation system-related
MSLP
Surface influence Thermodynamics-related ST(Skin Temp.)
Surface condition-related Soil water
Oceanic influence Thermodynamics-related SST

Atmosphericinfluence

Circulation-relat

Surface influence

Thermodynami
Surface conditi

Climate mode influence

MJO phase/intensit

Oceanic influence

Thermodynam

Time scale >
Hours Days to Weeks Years

Figure 2.2. Diagram of temporal variation of input variables by influence category.
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dse 2y WS 54 Ty o dgets AEtS FEFoEN B4 As AT 2

Yo AHsAT ENsted FHe FoY, B dFdAE gYFd AR 29 ASE FAl
5 HIS AESH T Hsu ¢ (2015 H5A <) Y w2]oA non-filtering
<

o ot
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>

tlo r® W

Maatdct o) WHS MEA<Ql band-pass FE]Fe] HlH At AEE /R F
HA A AERTS AGEt] AN dFe) ALY F oke AHS MY A
ks ot 2t

e N
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Z A GAZS AXEGH AR, JHE) HIlsls, S F7)7F 909 o)l 71EsHE A3
AEE AAS ol YAAR (NelA 90 7<1—r-ﬂr T 3(ow-pass) ZEHZ AHH 7]F5F
AR(X)S wE Ao g Fartt (Eq. [2.2].

X=X-X [2.2]

e

g AHx)2 10~609 T+ A- W A&, F3Ksynoptic-scale) &, &
W rR)e AFu Adio] s Z3Eo Utk o474 10~60¥ e AH

kl

A71A o

Azt Fe %

it

W AETS E717] 98 F HA GAE ek 309(5, day -30¥F-E day 07hA)e] o]
7(running mean)< 3 AF3 A5 E A ARG (Eq. [2.3D.

X = X—YSM [23]

A e GA R o] FAHX) 5Y o]FHFCE F72 ¢l synoptic-scale MEA S A AT
o} (Eq. [2.4D).

x=x" [2.4]

Hsu 9] (2015)9-+= o]Z2A Aoz 10~60¥ A +-& Butterworth band-pass ZE & 2o}
T sty £ FARAAE B2 W EC] FETS dSSATH

B AFoE F7HE X - X2 ALMsle] o] = Synoptic component® A 93ttt whek
A 98 W<l tidk High frequency component (Synoptic-scale component), ISO component
(X*), Low frequency component (X ), Background component (Climatology, X)o] 47}%] A&
=9 839t Figure 2.3 AAH vle} 2ol zk 7|2 g wWro] tls] o] 471x] HE
< MEHeE FEFoEN, T AR ElE 53l A" F7F 4Y

1Y WeE wde] 88

Atk olHF P2 v1Ee) B FE B M hFd Az HEe WEY JuE AF3
of, /14 Aol BRF MBS EFsU FT 4+ Ak wed B OPRES 53 A4
g FHo2 B AT

AA P WMEESE Table 269 2tk 2 Y Wee] S0l mat A 2AYE s)elw
bl 4 gomz, WaME AFd JEUE HuHoR FESE Zlo] o4HY 9



oh U 98 wse] 7t ARo] 3-4F F Y dZo] TAHOR ofPA slstEA
e 712 Aoze Hesl shetaly] offy] wEel, ® AFelME 4 BE JY WG
el & A8e 37t 98 iR Fesgh AFH o gF F8 BAE 48T F UY
WS B2 Table 269 2ok =9 g 2 Frh A Ao 4Y W 2FS GA@
Az, 139 AR Hes_ hfreq)e A9l 1SO, AFvh, M4 A4y He x3e] HF =29
o 1% W4 FAFAT (Table 269 F& ZH).
) ISO component
Synoptic-scale A Low frequency Climatology
component ,-—-----~=-=e=s SRR REN A S s, component 77T TTTTTTTTTTTTOOT
' day
5 10 30 60 90

Figure 2.3. Schematic of multi-scale temporal components of daily variability.

Table 2.6. List of multi-scale decompoased input variables used in this study. A total of 48
input variables were used and tested in this study. The variables shown in bold are the final
input variables selected in this study.

High frequency ISO component Low frequency Climatology
U200_hfreq U200_iso U200_Ifreq U200_bgd
U850_hfreq U850_iso U850_Ifreq U850_bgd
V200_hfreq V200_iso V200_Ifreq V200_bgd
V850_hfreq V850_iso V850_Ifreq V850_bgd
Q850_hfreq Q850_iso Q850_Ifreq Q850_bgd
TCWV_hfreq TCWV_iso TCWV_Ifreq TCWV_bgd
OLR_hfreq OLR_iso OLR_Ifreq OLR_bgd
Z500_hfreq 7500_iso 7500_Ifreq 7500_bgd
MSLP_hfreq MSLP_iso MSLP_Ifreq MSLP_bgd

ST_hfreq ST_iso ST _Ifreq ST_bgd

Soil water_hfreq Soil water_iso Soil water_lfreq Soil water_bgd

SST_hfreq SST_iso SST_lfreq SST_bgd

3, 4F A8 A 35S S 24 W gpdyg R o 2A =& Figure 2.49F 2

) 7 . 9] 90™ percentile ¢
SAE FASATE 7Y olFH
(rolling sum)= A-8% of 3|3 window Well o] A Aolxrt 2F=HTA oY AFdUTE
7hEE3dte] windowe] 7Hg 9% Ao ghe Fostdt (eft anchored). vizH7FA = F3F
2 AeF 9A 7Y ol5FEE F& window 9ol T WA s FI P
(extreme events)ell 3sl@3stH, kA £=x= H|F3 7F(non-extreme events) Al E UERH
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A FAAEE 1950978 20243744 4 As©l tieiA T5HUT Table 2.8 1
AAH MA 2AF5E EH(training), 7 F(validation), Hl=E(tesH)§ AF=Z FEIAT
1950 -8 20083 11€¥€7bA], HZS 20099 FE 2022¢ 11¥€71A], HIAE z83+&
2023, 2024@ 02 MAFAT TA D A=ZS 11974 AAHS o] &= 3, 43 HAPA S 18
A A= Zhol HA= 7IZEo]l RI=F 7] Adelrt. AR Zhel] ZIzbe]l HAA HW shsgo
ZA% b Brrsich o]E wAEA] YEA 3 2o
2d FdoT &89t 2de FHAE talA TE

bl ASAZAA L Heol €48 71 FEEHA &

al
2 W H&e WEES HASAG. HE mdo] WY 1 o|F HAE AR Ao

N
fo rlf
A

ol &

o

A% mdo] H2E ABo 3 o3 ANE H4EeT o]E HEoR HE ndo AL I
AeA B 2d Fd FAAE QW 7Y o|F@e] AW 1 I A5Ad5e} A %
2-g-3ho] W H2E AR Ug mE A4

Left anchor

Date | [ 2 3 4 5 6 7 8 9 10 | 11 | 12 | 13 | 14 15 | 16 | 17 | 18 | 19 | 20 | 21 | 22

Rainfall | 5 | 43 [ 7 | 13 | 83 | 13 | 11 ! 1 2| 2| 3|5 |11 |11'15 |3 [107| 9 |50 |8 | 17! 10
(mm/day)

Count | 4 1 1 1 1 0 0
(Rollsum)

0 0 0 1 2 2 3 3 3 3 2 1 1 1 1

Amount

147 | 141 | 130 | 125 | 115 37 35
(Rollsum)

37 51 79 184 | 276 | 321 | 399 : 403 | 398 | 378 | 273 | 185 | 148 | 142 : 138
1 1

Figure 2.4. Example of how weekly rolling sum on daily rainfall works. Rainfall amount
(mm/day) shown in bold is the extreme event that exceeds 90th percentile threshold. Figures
shown in red are the extreme cases, and those in blue are the non-extreme cases.

Table 2.7. Categorical labels assigned to each count of
extreme rainfall events.

Extreme rainfall counts Categorical label
0 (No extreme) Class 0
1 extreme day/week Class 1
2-3 extreme days/week Class 2
4+ extreme days/week Class 3
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Counts and Amount of Extreme Rainfall at Grid pointl in 2024

w

2001 B Extreme rainfall (mm)

s No amount |

B Extreme events (days)
No count

F

T
w

Extreme Day Count (days)

100 A

T
(V]

50 4

Total Extreme Rainfall (mm)

L=
==
o -

= [=]
=1 5
<

Date (First day of each month)

Jan
Feb
Mar
Apr

May

Jun
Sep

Oct
Nov
Dec

Figure 2.5. Extreme rainfall counts (red bars) and extreme rainfall amount (blue bars) at a
grid point in 2024.

Table 2.8. Data split strategy for extreme rainfall prediction model.

Data Split Period

Training 1950 - 30-Nov-2008

Validation 2009 - 30-Nov-2022
Test 2023 - 2024

2223 FolA o} 9 THLMHW) ol&2& FAAR
<2

FotAlo} Y 1 < JE 0o 48y WFE 183 tHTable 2.9). 712
HEZE dad 258 HAHFoE M3 A (hc: ocean heat content), < %(slk:
salinity), A% 7]<(t2m: 2m temperature above surface), A4+ v}2(ul0/v10: 10m zonal and
meridional wind), 71231 7Z4(tp: total precipitation)E A4 s} ch.

%
2
e
N

AZE t7] F43 #dE" HEEE 0200/v200 (zonal/meridional wind at 200 hPa),
u850/v850 (zonal/meridional wind at 850 hPa)& *x&3s}th =3 tce (total cloud cover), ssrd
(surface solar radiation downwards), strd (surface thermal radiation downwards)s s|<+H O =
AASHE BAS #dE S8~ Hy4EE IE8 ST

A8 3F dFES AT 7HE viEEe FE G AAY oyA|et 11 FFe 7|§gith o]
of we} sst_ep (0%tile 7|F=AE ZHste E9 FH F3 HAGDHS L5 A HT-E &
&3t9 2™, mwd (mean wave direction), shww (significant wave height of wind waves)s ¢l
olHovt1l #H WHFE 7| YHo g HAS AT M7 % HMTE dYoE st WY
S AESIF oY, t7] AR Az vl&] Am 7]Fo] AF] Fof B AFoAE EH X
ghsbA ekt ol &% 7t8Ado] gRE A FUF &85 1HE ool

mor

th71e} S FES ] 3 AA WHEE = Ism (land-sea mask)e} 9 =(latitude)S =3t
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S =3 AT edsz A8 14 B4 NE 9 427 Frlels He wds, @

#time step)@HE F7}38le] time-aware inputo 2 83}t

3F % e AN dS5E AT FA AH o8 WY S B = Al 7EA
AR HdA3A Y Gh(Global domain, 5° X 5° 34%), Lb(Large domain, 5° X 5° 3]
A%), S2.5(East Asia subregional small domain, 2.5° X 2.5° 3jA=). =3 4= AlFA T4
Ao rE 7M A 15 ARE &Y HZ 3F ARE A S(stackingdte F 7HA &
S A &3t tHTable 2.9).

Table 2.9 Training input: variables and temporal/spatial range

Training INPUT VARIABLES

Base (Ocean & Atmos) hc & /sl and ul0/v10/t2m/tp

Upper Atm. u200/v200/u850/v850
Flux tce/ssrd/strd
Comp.
Wave & Swell mwd/shws
Ocean sst_ep

Time invariant (Static) land-sea mask, latitude / Date (step)

/ Time
W RESR(-Z/RED or RECY. -
G5: [0~0~82.5W, 65S~65N], 128x27, 5° res.
L7 e L5: [160W~157.5E, 65S~65N], 64x27, 5 res.
S2.5: [70~147.5E, 20S~57.5Ni, 32x33, 2.5" res.

Akl Tig SST WA 79 7
o YEY A A Aesan

g
ftlo
i
ret
=
o)

o)

Q
oy
oo

Q
@}

3
it
=

2.3.1. FolAlo} A3 3/4F o] 9 4F ea BAY =g E

2311 x A 2d 74

ojlzl & g Fx FEe F A ded 24, U-Netd} Attention U-Netol| A &3}
S tHRonneberger et al, 2015, Oktay et al, 2018; Weyn et al., 2021). & A4 AL&3H
U-Net2 encoder-decoder +%& 7|¥to. 2 3}+= 7]E U-Net® &2, skip connections 53 3t
= £H4E RS FxoltKFigure 2.6). U-Net2 G2 7|wke]  AawlgelA
(segmentation)ol] HAsd md=zZ 293 EA(ocal features)a 2 F=(global pattern)E
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T a2 9lolA] o]k y]Lo] b wEl A 33 Ao|th Attention U-Nete 7]
U-Netoll Attention GateZ 41¢]s}ed skip connectione] AR % Z a3 7 v Meldo
2 AGS=E JAg Fxo]thFigure 2.6). Attention Gater EZ a3 FH HSS A5ty
mdo] 2l 5-7+H(signal to noise ratios MAT 4 Yot =, BH gl Jdo FAsE A
Aty FHA o IS == stgsteE A QUE Attention Gater} 112 anomalye] 34 $1X]
& Zxsted 714g £ Ak oldl w2t 43 At Attention U-Neto] U-Net®th BSS
MAEC] =7 Jehd 2102 fdd.

U-Net %+ <=ty-tJ=Z-d(encoder-decoder) defol skip connectiong ZAFstal
32-64-128 AAE FAH AP #oloE F3l AYGH oo #AHE tF A= FI I
HS g5 o2 sG3l=sE AAFAY. 718 U-Net2 201519 Ronneberger et al. (2015)ol 2]

3 AtERoH 6kA L 12322y 3) Ao 7]E mdo|tHAPECY] 3 AlE], 2022, 2023). U-Net
2 olm A HREHQl B JRE Ar] 9% 4= Fu| (Contracting Path)e] W EH I} A
Sk 2|93t Es 913 B e (Expanding Path)e] WELZE UAE el tid Je=E zb=d], 7]
T HopoA LTyl w2 mdolth (Weyn et al, 2021). o]ujx] A 1¥lE o] A(image
segmentation)o] & ojux]o] wE HAo] ojHl FlE| (S W AFA, A, B2 5o &
st ERSheE S ETh oln| A Ao s @Y FtElaglE oSSk olF| A £
(image classification)¢t= 2], olv|A] Aladgolde HA Tee EFE stz guky
o=z f oEe £A=Z ﬂ@ﬁﬂ Atk U-Net2 ojujx]e] bzl 54 ARE d7] A%

= ¥ e (Contracting Path)e] WEH} o3t A 935S 93 B33 Jel(Expanding Path)e] 4
EQE U3 thd FgE zr=d(Ronneberger et al, 2015; Weyn et al., 2021, A& A
o] /)&= TimeDistributed @ o]o]= U-Nete] Convolution #ojojel] F713ted AALE &3S Fa
2l gt} TimeDistributed= 2+ ®7 §lo] t&3kAl 2D convolutiong AFEE 4= 9lom= §
2 2] FHAEY vE g€ En
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Encoder 1

Conv2D
32 channels
skip
Encoder 2 connection Attention Decoder 2
Conv2D - = Cate2 Conv2DTranspose
64 channels - 32 channels
Encoder 3 Attentio Decoder 1
Conv2D - ——— i ’: ' . 4 Conv2DTranspose
128 channels 2% 64 channels

Bottleneck
Conv2D
128 channels

Figure 2.6 Attention-Enhanced U-Net Architecture Overview. The diagram
illustrates an encoder-decoder U-Net architecture augmented with attention gates
that refine skip-connection features. It shows how multi-scale encoded features
pass through attention modules before being merged with decoder layers to
produce the final output.

T3l Attention U-Netoll A= skip connection 73 2ol Attention Gate(e]st AGE 533l
1ol FEHAE 27 999 QT E ZZAZIoZN EA HYS 7slsla Lol=
AAste EAE 7IHstATh A Aw37E vkel o] U-Net ®¥-2 image segmentation<
Ezxog Aokd fully-convolutional 71¥F =49 Fejr} UAE S = context EZ3F A3
localizationg 9l8iA A o2 FAHAT o]o] His) CNNS 27te] AAAS FEaA =Ho)
Holx= ZAoA Zeotsle] whE Hld mdolt}h (Oktay et al, 2018). $-89 w& HAAZS 1A
T AREE T B A Zo] A= FEo] eHl, oA R CNNE o|u|A] A gld 53
E£3}5 o] 2121 convolutional layer, pooling layer’} )t} U-Net, U-Net++, VB-Net o] T
A AFEE T 712 U-Net?] 3t AT =2 743817 93] Attention Gate(o]s}, AG) &
7} 29 Attention U-Net-& A ¢FalITHAPECY ] & A41E], 2023, 2024). Attentiono] @ o]w] =] A|
JRlE o] do) A Attention2 S5 wf A e Y F& BHE IS ARIe PR
o o ZFoly ERE Agel #HE gle I9ES FASAY #AE & F7] wEol ALt vl &
o] ottt EAo] Aed, onAY 5A FHT S (Attention)gHrh= Zloltt. o 7]
U-Nete] #2 572 Skip Connectiono] Itk Aoty dAEP ol M H = expanding path
ANA 2AEAE T FE(GE A FH =contracting pathel| 4] FXHAHE7} 24)E A BHEE
tl, FA= o] ARVt RSt Zolth. 84 U-Netell A= Skip Connectiong ©]-83l A
t}& M EZ83tE contracting pathd] FNARE QA= pathol] Hal o] EAS o= AL &

<

T
o

=
!

—
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Agrch A9 Skip Connectiong Alg3oZH FZEF EASo] FEFCE Bl EA7F
AP AAT 27 layer£9 54 :#do] ZF(poor) d7] wiEolth Attention WAUFE
2 2016%d°| computer visionolA AF-&F tHBahdanau et al., 2016). Neural Networkol 4]
predictions Tr=+ Zlo] FSlQIA] olafistr] AsiA AREE AT Attention WAYUZS el
e O 2HE d3ste Aol 5 HE ¥ HFslok shr]oll encoderof A1 o] H Zk
of JFdloF st=AE e WMot

O

AGE oA 293t CNN op7|dlx e} A 8¢S & AL, ALY AL ket 3
7l mdo vAwel oF HI= t}. o]A& U-Netx= Convolutional layerol
RelLU &7} Adst NNol| A FAE]glom =z CNNY & gh& Zo|m,
dimension®] &°&7] L5 3o HaFoE AL F, Aol A A
o= HAIREE ES Aoty oA layer7b ZojxWd =Y ujriH s
(parameter)7} IH=3tA FTEEHI FASE A4-F I AH(feature)’) HEEZH o2 FEEHERE 7
A glAxE ol E7] "Eolth oA s /AddE /\]‘:61 o] AGo|t}, :LE%J- Attention-&
o] gAl =3}H time-sequence’} Zo]AFE, WA
H A Tl Beam-Search &1ElE & AH&slH &% 4 sl & l~ e BHRE F+= 92&‘,111
U &2F EACA Aol Jhssta, 39 EAdAME A" EVbssith dE =9, Encoder$t
Decoder®] time-series7} & 21 AS(dE €9, <F 2007 o4& 2 uf), o FAA A Zro}
UrtA 245t By =8 A= A o] ok gt} Attention2 A& 2 Time-Sequenceol A Tk

A% + Ak

oy "
i

:
rlr

24 Attention AAIE HlolH oSl B3 A7 ¥l HIHEE AZEIAT AR
A4 EA= vgE2n. AA deolgrl 1009 BT AHE + ‘Rlc’ Aoz AAPA, &
A old HolElE 200¢ A Hlo]El7} Attentione] © & 2 $£% 7] wjEolgta Qin et al
(20172 AFstATh old dHolg F49 7% Attentiono] # El}o}xl geth =3 gRE
o] A 312 w2jo] CNNS o] &3}al Attentiong F3Ystr] wjFol, CNNS A &3t F&Eo]
dolHAl# A3 2d op7|dlx FRIAAE AT Blof Idttus AFstAtHShih et al,
2019). 1 dlolEl9] e g7t wi-g- A Aol HAA At FE&H HHAAXLE FolE F gl
o} Attentione AW 3 A|HS 7FOE %if}fi TS FA77] fsl HA S =]l
A A AN Frret ZFE F3E *El—’r“* 2 A dF ZAoAE &8 F flvke= Ao
T2 %o 2& A 73 foE X Sete] AHEITEA s FHE 8T shal ¢
Aol "ozt o 184, seq2sequt Encoder-Decoder 7]%Fe] BI-LSTM HEejZ A5}
Aol AAZA+= 7F &8l Z 2l Time-Series Forecasting W ol ekal A +3tS o).

2312 24 %5 B7ME AT 494 2A

=g Hg 544 wet 2F -4 gl 2% FHEYE FAEY Xe oY

Y= S¥olzta Aot 28353 &4 b Ao wt o) /Y A AR
dsk(sigmoid activation) 342} BCE(binary cross-entropy)E A-83}3, ta S22 4
ZEW X~ &35} (softmax activation) 52} CCE(categorical cross-entropy)< 2 -8-3}%
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M oy nf X do A

HTable 2.11). o]& 53 &9#S FU2E FEZ A} g A SdHolM= W
o] Azl e EFEsKnormalization), Bl X 742 A3t 2], 123l early-stropping %
Z3ste] md FE F AF Aeol 4 o MAHA && W StEe 274 FEAA

S WA el duksl %S HAS NS 9] Abgdh Zu) /)W S(hyperparameter) =

< AR uf AR AR AAste Agola, Febe| H(parameter, w7l H )= EE 2

HAoNA A== Hgolnh AW BdoA o & =(epoch), WA Akeo] Z(batch size), St
(learning rate), &3} s<=(activation) 5o] Zuj7fH ol £3hcH(Table 2.10).

o

§2
oy Lo bl

Table 2.10 Hyper-parameter Settings of the Study. The table summarizes the key
hyper-parameters used in this study, including training configuration and model
architecture settings. It lists values such as the number of epochs, batch size, learning
rate, optimizer, activation function, and kernel sizes applied.

Hyper-parameter Setting of the study
epoch 100
batch size 64
learning rate 0.0001(1e-04)
Optimizer Adam
Activation function ReLu
Filter size (Kernel size) 16, 32

o
oz
N
i
o
rok
oo
Y
tr
(@)
=
=
o
w
[\
(@p)
2
I
X

o U

il

o5 2z e ERASS TMAXe % S~ &/FE A&3 T A5E FASAT oA Z

Ze] ¥4 ARE Fd mdd Qs FA F dZew, o hue A9 #AH
=

0

O%F F29 A9e vAY gojoje &43t & AZEW A(softmax)E 2 &317]
2o S FE WEHZ E¥d0. Fd 2do] 4 7oA &4 sh=(oss function) =
o]zl ol A-9+= Binary Cross Entropy(BCE)E t% Zei~ 8¢ 7-$= Categorical
Cross Entropy(CCE)E # &3} thTable 2.11). ¥Elnfo]Al(optimizen 2= F T mdoN F
FHo 2 AdamE& A &33 g<5E(learning rate)2 1e-4(0.0001)= ReduceLROnPlateauE 2 &

st A5 &4 5o AFVF dA dxza Tt NIAAEA ge W dEES ATLE 29 B

d St&5o] AAE FEIT FHL EMIEE A THKingma et al, 2017; Mehmood et
al., 2023). o€ &3l sFEC] UF IAY Fof Tt ditoly =1 7 FAE &34
YA = AFUY. HF5 &4 TAE HEF & o early stoppinge] HES ARSI T

o=
<+ 71 AA 717 F 90%l s dete= 20043 oA 2021318 = A sk U A 10%
2022404 2023\ 3& HZE = o 7t g AAsAr =3, 4 7z W 2095 A5
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Table 2.11 Activation Functions and Loss Functions for U-Net and Attention U-Net
According to Label Type. This table summarizes which activation functions and loss
functions should be used when training U-Net or Attention U-Net models for binary
and multi-class segmentation tasks. It outlines appropriate combinations such as Sigmoid
with Binary Cross Entropy for binary labels and Softmax with Categorical Cross Entropy
for multi-class labels.

Type of training model

U-Net Attention U-Net
Activation: Sigmoid

Type of label

Binar
y Loss function: Binary Cross Entropy

Activation: SoftMax
Loss Function:Categorical Cross Entropy

Multi-Class

z =YHS aEsie] 2004d0l 4 20219S St TREOR, 202-2023 9|
2d& H2E F31o8 FEINT 43 AL 2% SEd 2% FE 2l 2, S ol %
W3l U-Net EH(Binary+U-Net), o]zl Zt# 3} Attention U-Net E#(Binary+Attention U-Net),

% Z# 2 83 U-Net EdAMulti-Class+U-Net), mix2to 2 tf5 i~ 283} Attention
U-Net(Multi-Class+Attention U- Net)c> 2 AR d5

Y2 H
ojxl gl A4 g Ao FHEL, T S 2 A FAz 2003 )e] FES
F2 Bt dde= AAsAH. Hlﬂ VNEAoREE TY dA#Re AEsko Els
ECMWF-S2S ¥Al &dE g&, & &9 3 ECMWF-S25¢9} ERAS¢LS] YL FEZS A3}
Ao, ¥4 ECMWF-S2S &5 tin] g4 7|0 B &9 As e AFHo=z Frtst

AT

232. A8 F &9 T A= E N5 o3& 93 multi-task learning 718 =& s

2.3.2.1. Single-task learning®} Multi-task learning

= Z29% 4= 984 HE e 23 HYMITL, multi-task learning) WH S
dstAh drbAQl HJaid AL WE-2 g HA(taskdd thsliA st g A sE sy
do] gt = T2 Ao dEsiAE o FA i sfEZQd mde] sjEET
single-task learninge]2tal o} (Figure 2.7). ¥t MTLS A2 FAELS sAd FPds=
o]tHRuder, 2017). Figure 2.8°|A4 Hol= ZAAH 54 W 7F s ol 3l tF AAE
o] &gt ojw] Edo] A7 wE ShFstAU, /NEZ] 2d 7He] ofgl uietw|E
(soft parameter sharingdE& AdstAY, stve] EEd=E 73k sebr|E Ff(hard parameter
sharing) 2o &2 FAsAY, F HF&u|E FFE EFste FE7E 7hssith o] Yoz 4
] olHE 7 FAEE mE 8 5 Ji MILL o FeE HPH /sl 2

7 ATk B AFoME 7 E3] &85 += hard parameter sharing(Eq. [2.5) & 3l= ©¥

o

]

¥

of Hﬂ oE
do o o ot g b
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24y gy F=(multi-headE 7HAl= MIL 725 &89t

min  Z,({6,,6,}. D) [2.5]

Figure 2.7. Diagram of single-task learning.
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1

— Y2

— Y1

— Y2

~N

— Y1

— {2
J

(Hard) Parameter sharing — Y1

Sharing

e Y2

Figure 2.8. Diagram of multi-task learning. The structure in the
colored box is the one chosen for this study.

2.3.2.2. AHYE Z¢ Z=/9 % multi-task learning 718 F =29 FX

B AFoA &3 nd Fxo] AAAHQ EEE+ Figure 2.93 2t} ResNet-183 oFk
& LSTM(BILSTM, Bidirectional Long Short-Term Memory) 7]¥Fe] HEE| 23 S5 md =2, 3}
s 3 73 Aded Sl Aegression) et e stub= A7) FHEIaLE] e SR Adede 2R
(classification)& FAlol <dSst== AAHJAY. I3 7] 2 sif Hrss 48 AR=

I

= =]
Yow F#H3 EAL FZ5HE ResNet-18 mdlo] =3 WgHo] dtgata, o|o]4 BLSTM
TEE B AHQA 4L FE STk 1 H 2MA 51 W5 8 35Ed F
3 AFYFE dZsts FE = gololg AN F A e 5 W4E S0 9

s 2 =
| =
%352 59t £ o AAMg Tx= Figure 2.109F 2th

ResNet-182 187 AFo=2 FAAE A+
=3 A2 UESA s A BAEE

[} =
et al, 2016). 7|22 o= o /e za E5S T SAS GAZFOE FEsH, HFZH o
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2 AAFSTES AA olvA BF T AF A2 FHe &8Hr). ImageNetd} 22 ot = T

olF Ao A e AREEW HlwZ i Fxg o] St Backbone RHE A MElF
t}. Figure 2.11-2 ResNete] 1871 A5 o] 9] 34, 50, 101, 15271¢] AlFo =z F#AH =d F+x
S HAoFET Figure 2.12& AlF Atole] 3 dZE HoFa Qo B AFdAs 7]E9
ResNet-18 FZoll A mA =}t ResNet Block 33 42 2HA|3HE Zlo] o] md 7 Ao 8
4 HF Bde vpAY F E5E AT 722 AR HAT o]oJA ResNet RHoA F=
H 7Y A% Z7HA¢ EXANEL BILSTM RdoA AzHAEe ARE F=3T)

LSTM(Long Short-Term Memory)< RNN(Recurrent Neural Networks)®] 3+ T/ZE, 4™
B2y, 29 AlolEgt A HHIE ol &3 11 Ald2dAE A HEE HluF bgH o
sty AlH S X oEAE i‘%b‘}% wdo]th(Hochreiter and  Schmidhuber,  1997).
BILSTM(Bidirectional LSTM)& < 7]of &ulsk [STMS stu © F718] AAIE ARE A A
n 2 = mHoA FAR BF Ao PHF T HAERE A F&E 7 A T
TZE AAo] A @ SA 22 SoA ‘é% Fe fl8l AbPE AT

HU
e
N

_|_4

Ll

T 7HA 54 ¥WE dEste MIL g5 9siA "HEE 223 &43Multi-task 1oss)
ol o} o] FAEHTHEG. [2.6)).

Total Loss = w on X Regression,,  +w

regression

X (assi fication,, [2.6]

classification

g Sl /\] ZFSO] R e

4 = T3

& thokal slo)Helul ey} EAI8Th Table 2.125 2 o
A B 2ERE sto]lHueirE £35S B Fhh
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Output 1: Output 2:
Weekly rainfall Extreme rainfall counts

Regression Classification
Head Head

Temporal modeling IBidir'ectional LSTM :
With 2 hidden layers, dropout !

/ v Parameter
T M sharing

[]

Spatial feature 'ResNet-18 i

. Modified first conv layer, x
extraction

removed ResNet block 3&4 P
. J

Input
variables

Figure 2.9. Overview of the model architecture used in this study.

# of Input ,’/ \\
L\ Variables ’ D
== i I,' \\‘ Regression f1 gutpur .
64 64 64 64 \! 128 128, 128 128 orAmoun
—_—

Clasification >
24x72  24x72 24x72  24xT2 12x36  12x36 12x36  12x36 for Count

Raw images and/or 48x143

Decomposed images ResNet Block1 ResNet Block2
[# of Input Channelsx49x144]

Figure 2.10. The model architecture used in this study with the details on the modified
ResNet-18 model.
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layer name | output size 18-layer | 34-layer | 50-layer | 101-layer 152-layer
convl 112x112 Tx7, 64, stride 2
33 max pool, stride 2
1x1, 64 1x1,64 ] %1, 64 ]
b 56%56 [ ¥ [ ¢ G
convex * { ':X':'gj }xz [ :sz }x’i 3x3,64 | x3 3x3,64 | x3 3x3,64 | x3
=N = lel.ZSﬁ lel,ZS&_ 1x1,256 |
- . 11, 128 11, 128 11,128 ]
33, 3%3, d y ’
conv3x | 28x28 3§§ :ig x2 1?% :gg x4 | | 3x3, 128 | x4 33, 128 | x4 3x3, 128 |x8
LR e R T 1x1,512 I1x1,512 | 1x1,512 |
- 1 1%1, 256 1%1,256 | 1x1,256 |
3 3 L] ] 1
convdx | 14x14 3§§ 3“:2 %2 :i:%:g %6 3x3,256 | %6 3x3,256 | %23 3%3,256 | %36
R . 1x1, 1024 1x1, 1024 | Ix1,1024 |
C 2 1%1,512 11,512 1%1,512
3%3, 5 3%3,5 | ' ’
convSx | 7x7 3?5:; x2 %;5:2 x3 || 3x3,512 |x3 3x3,512 |x3 3x3,512 | %3
L and s R 1x1,2048 1x1,2048 1% 1, 2048
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° | 36x10° | 3.8x10° | 7.6x10° 11.3x10°

Figure 2.11. List of architectures for residual neural networks with different layers.
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34-layer residual

Image

"
%7 conw, 64, /2

-

ﬂ

pool, /2

3x3 conw, B4

33 conw, B4

3%3 conv, B4

==
—»

3x3 conv, 128
3x3 conv, 128

3u3 conv, 256 .

avg pool

I

fc 1000

Figure 2.12.
Residual network
with 34

parameter layers
(He et al., 2015)
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Table 2.12. Hyperparameter settings.

Parameter Set Value / Method
Dropout 0.1
Weight Initialization Xavier Initialization
Optimization Algorithm Adam
Initial Learning Rate 0.001
Learning Rate Scheduler ReducelLROnPlateau (Patience=3)
Early Stopping Patience = 5

2 A7 7% Ad divlE A3 2482 fdEdAHMHW) €5 2 Jpde 582, B
/\V““l M3 3Fa 8 =02 HASHTable 2.13). %52 MHW o|HlES] 75 U
AAIRE FA FE2L &olsi, H= - ALVt 58 FE A5 A Al 22 57 =
g83t= d AZE Atk ol FH SST F¢=(mpact FactoNs MEA A3t A
2 ARgsh T

Impact Factor 4t& AL o233 2o 1D ¢
11¢ 9=-(330 A1Z)9] 90th percentileS 31¥ 2
2 SSTolA 7|Eg< 2bzste] =3 of 5 A,

T4 F= ALk o] A A daily moving HJ
A GRS A AE SR o|A= FAT TH 7}% AMES aRF o= Sd= WA
ol 3 WAlS FH3I

Toll A Ex ¥ 1991-2020 303

Zz 7% ] F#t(climatology) =% 2)
0]5 =9 ]/\-] 16]-71- -aL/\].oi F

~v-1UmE

i) JH mE

< Impact Factor(7¥d +2 FSIFE)E Fobrlol A<k 3|H(EAMS: East Asia Marginal
Sea) AAE R FZH, ol A== Al 2dS AU EAMSE global ocean
shapefile A 71 &3l - Fall - sF=s] AAR AHsty 54 - 7]EF &2 mask A 23R

.

Table 2.13 Prediction Target: variables and temporal/spatial range of label

TARGET DETAILS
Variable Impact Factor (SST based)
Temporal Scale Weekly (7 days expectation) with 3W lead time

EAMS (East Sea, Yellow Sea, East China Sea only):

Domain Coverage
[24° -46.5° N, 118.5° -141° E], 1.5° res.
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Figure 2.13 Diagram illustrating the training process, including input data stacking,
model architecture, and the two-dimensional label distribution with EAMS.
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& Table 29914 FHAF 5 gxol, J AT A
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Table 2.14 Key methods: learning rate, loss function setting, input data
standardization and evaluation metrics applied.

METHODS DETAILS
Basically 1x10° with a scheduler making it % when no

Learning Rate .
loss reduction

Loss Function MSE, customized(positive-inflated) MSE
Nomalized Anomalies (substracting daily climatology and
Standardizing deviding it by longitudinally averaged standard deviation
at the corresponding latitude)

. . ACC (Ano. Corr. Coeff.), RMSE (Root Mean Squared Error),
Evaluation Metric .
CSI (Critical Success Index)

B ATAE 15e d5e A Ay md HYe =33 A R,
&2 g5 5 o =
A%E FHHOR Wm - BASHE BAe Ags

o 2
A Z e L8 A B A

ARE A oY AWM BEY ZAA, T A AH AW AEY 29

D2 ARH AR AR 9ol o] ARE I B FFe WBA ] P 2

2ol gatad st
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/ |
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Figure 2.14 Seven ablation tests to isolate the optimal Al model setup for
EAMS MHW forecast.
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A Aol th3l] zero padding A g]l& TH-E FPstA At}

G5: global domain [0~0~82.5W, 65S~65N] / 5deg resolution, 128x27
L5: large domain [160W~157.5E, 655~65N] / 5deg resolution, 64x27
S2.5:  small domain [70~147.5E, 20S~57.5N] /2.5deg resolution, 32by32
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S Folrw A uFL Y HE (Ocean), I&H/ua 5 dolH oA (Wave),
R 2 AEE Fluo, 7] 435 Al=H

G E/EY TR ARY 95 5 AA AR (Statioe] Y&

FE B 7S F e FQ AR EE AAY AT

F 2 gy 5 dolB dux(Wave), th7]ollH FU=+= b BA %E—*.i(Flux), 7]

% A 2"(Upper atmosphere), Z18]3 th&/31%F 78 AR =

o [e]

K (Static)7} ‘E}(Flgure 215) 718 S tir] W ol FU1 UM gdd isE
S dUyA EXEE EF3I A= Table 2.99] AASATE 7 ojux] o] s
3 o= wA = *JEH@ 7125 HIEs] f8l, siE Aol &ste HayeEs A
A RS FAS ol EE AES EFS Edd Hlustes HA0E HAPS T
3] 1} 7/ 1}

Pttt old, e A= X

I AR A AdPe woW, 82 AR A9 49s woF, t7] 45 i A9 29
= woU, B2 AE A9 HAPS woSE HHsAT 7 AP dso] al 43 din]
Aotd A= T 42 T2ES YUEUH, dtdlz dso] &dd 4F AT A

Upper Atmos.

Flux related

(LAT.LSM)

Figure 2.15 The five Earth System components (Flux,
Ocean, Static, Wave, and Upper-Atmosphere) evaluated
as potential input features for the MHW forecast model.
Component variables are listed in Table 2.9.
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ko] & 9 sl YFgs vA= o2 Biud v ok (Oh et al, 2023). =t
A, UNet S3F 5ol o]d A5 F71st ol 27HA] o) dd& = FHsAn

- FolAoh A%k nee WA felF YL e 87 J1F ASNinod4, Ninod,
Atlantic Nifio, 10BM, IOD, Southern 10D, Western North Pacific Subtropical High,
South Asian Monsoon, sea Table 2.15% ®x°| ConvzD d4te = A1de &3
%, ©]E concatdle] UNet encoderdl] F7}sh= w4

- %9 Conv2D dAto g F&3 3% HAHEE UNet decodere] wmhx]9t layerol
concatsl= 2l

Table 2.15 Climate indices utilized as external inputs in UNet model

oFo] Full Name (English) & ¢] (Definition) F8 FHurd
Nifio 3.4 Nifio 3.4 Sea Surface 5° N-5°S, 170° W-120° W A NOAA Climate
“* Temperature Index  SST HX3k H Data Guide

. Nifio 4 Sea Surface 5° N-5° S, 150° W-160° E X4 SST
Nifio 4 Temperature Index — HXgE B (5 HIEH Y El Nifio) NOAA PSL

Qllantic  Atiantic Nino Index (A< e 5?45? oo BT BE Zebiak (1993)
IOBM Indian Ocean A= A SST o]4 (20° S-20° N, Du & Evans
Basin-wide Mode 40° -120° E) (2010)
. . A el = ek(10° N-10° ° _70° ..
10D Indian Ocean Dipole Vl %cﬁc%(ﬁo 150_0 S 59000 _7101013)]3) Saji et al. (1999),
Southern Indian o = a1y lzumo et al.
sIOD Ocean Dipole A= 10D ¥el 107 S olg F4) (2010)

WNPSH Western North Pacific EA | H U 117|1F A& 7173 Chen et al.
Subtropical High (1000-1500gpm contour) (2020)
: dolajol E= (5° -22.5° N, Wang et al.

SAM pouth Asian Monsoon  35-"_g7 52 F "w= 55°-100° E, 200D; Li &

3° -15° N) Zeng (2002)

v, AS AE S A A I%tile 7E#4S 2AslE HASE ITF202 A5
7] Wi, EHA/AF vEE 312 UFTAS w AA 25 A S Al F
B3 BX3HA] &S 7hsAol Ut TH/AHASF AES s BERSe W 3
AS B35ty fal, 45 AEY 2715 211 HeE guste 14 AgYE 2o
A3 ELJJEHEF St= vHlal AFS YA

vi. EokAlol Y 23l R Y A FS s T 719e] UNet 23S 718 +&%
2 AAsIAS. oA ®A Aes FHAII7] A8, 718 UNeto] dA4dF E5&
attention X+ swin-transformer E&o° 2 o)Al - Fr1sk HE 2 A(ATTUNet,
wwinUNet)& T8t vla A@S TP
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vi. 4 3 JheA 24 A 72 &4 42 g AMeEE MSEE F8351H, ol
A FA HAFE T AEF oAl st A &4 #ol AANES A9F T}
FTAE FoAste WAls astAt. 53 JEX 7€ scale = 0, 2, 4, 622 ©A
Aoz ZUVIAYIY s AYs F3sy.
UM AANE A= Ao st BE wa 2L H L ndS FHS H, FHEE
RAES 5 Rol e Mo FE vl - BNTgoEN Ad 3F FolAol gL dAY
o 9 BXE 9% HH nd Fxo 21E HF =AU

24. °o1371% o= H5 7 H
241 78 7% WEY

2 FAA9 o] 37 F dF R FE 3|79 o)A AR EA/[EFE FA TR}
u Eoll Z+zbe] HrF WEHo] =t} 3] F(regression) ol H7F A ZEZE R2(Coefficient of
Determination), RMSE(Root Mean Squre Error), ACC(Anomaly Correlation Coefficient) s°] 2
29}t EH(classification) ¥ ©XA H7l= 71383 90™ percentile YAZES 2 831e] o] A4X
A RE AE3a o] VHlo g AH%5S Hrisldth I A ®EE CSI(Critical Success Index),
POD(Probability of Detection), Accuracy 5°] Z&=w, kA3 A& ofgfo} 2o}

R2AAGA )= 37 Bdo] FHMTe Hee drfy & ““ﬂfi}v‘:— A& 03 1 Abolo] 3t

o= e AZolth F WE FoIA mdo] Muste mee oJustn, lof 7}77} sz
AolEle) B DE 24, 0o AAELE Aol e mAR AHBY, YBHOE 1Y
Aol AFE B HA A AFAS 2 A5 BT W A4F ASHAW, gho

+r v O o ]
T A B F2 Rdojgty dAHE Fe gloerE & ket A siMste o] AAH

o},

ACC (Anomaly Correlation Coefficient)= dlZ® o] ez AA o] e A
Hrkstrl A% A= A - I Y IAEE ==
centered?®] A%+ 1o 774, uncetered®] 7%
Z AAS ofu|geKEq. [2.9D.

ACC= [2.9]

A7V fi AFH, £ AF 7158, o BEH, o BF VIFHS W

RMSE (Root Mean Squared Error)+= olZ3kad AAze W2 zbo] Hriste i E <l
AEZA HolHe Y T, A a4 Jhssite Aol ATk 0 ~ o WS 7HAH, @)
o] Z+&FE Wit LAVt Ate A& v THEq. [2.10D.
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Y (fi—o) [2.10]
n

RMSE=

(il

AZIA o AFH, o AF ZIFE, v AZ TS VR

Accuracy= AA A= AE Fristr] A HHA A=A AA oin] g2 vles B
oA FA T =g HolHAM= AZE Lol oA BAd= Hoksith= 540 Atk 0 ~ 1

HHE 7HAH, el 5 JAZRJ] A7t =t AL W oHEq. [2.11D.

(TP+ TN)
(TP+ TN+ FP+ FN)

[2.11]

TP. True Positive, 7N True Negative, FP. False Positive, FN: False Negative

CSI (Critical Success Index, A &A4)= False Alarm¥} Missed Event =5 Hlgst= o4
X &2 EgE AFEA AF Gy o= F8 AFEZE ALET 0~ 1 HAE 7
S5 oA ¥ &0l Bt AL 9v|StHEq. [2.12).

f
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o]

TP

(TP+ FP+EN) [2.12]

TP True Positive, FP. False Positive, FNV. False Negative

7ol EAo] Aol AAHEo] ofd FEEZA =o)X 2xE A= Woz
Brier Score(BS)2} Brier Skill Score(BSS)E &&3l3th ol&L2 ol gy o o= HIATE H
7Fsk7] 93k A2 A, BSS= 7% Hi B V|E 2d O8] A 42 AFssgeE A

o
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2929 oxE 9 4] El
Z 2o 2B F S8 o)4meg ouas e~ 20 tha BSSel xS FATH BSS @
& 25Y A% V) mERT A%l ASHALS ouly, 0olW BEFL, FfolW A%
S oulsiy, B AFoA= 1 I BEXE olyg}t vlo]&d ZX(violin ploH)d ko] A
S(difference map)E 71 B-g3t] ECMWF oful A% 7jAe] A@aAztd Age Saad
=

o £ Au B F= Altstes BS Aldto] dasitt
(Eq. [2.13). 294, b5 S bl &2 BSt Eq. [2.14]3 o] AltdEn. oA ALt
B #Z9] BSS oS BSO HIE 194 wjA BSSE Al4tet A tHWilks, D. S., 2011). BSS7F &<
+ 9 me]th(Eq. [2.15).

_ 1 2
BS =} (fi—0) [2.13]
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AZIA N AL F i, 2 4 AHEE dEils Y, f= A ARl gk A=
gEolH, o= MA Atglel g AZRCAEA B Al L wEA A0S o g

A7IA N2 Aol & A, K= 220809 & s, = 4 /‘Hﬂﬂ% UE = <

ke el A9z, fpe A Akl tigh Bdllo] fiR Sezol @93 oS gEolH, oy
= A AbElel] tig kA S ASFOCE #S FH=Y 73% 1, UHA 2= 02
one-hot FEfE <|v| 3.
BSmodel
BSS =1— 2.15
SS Bs,, [2.15]
047]A'] Bsrefl\:‘ 1%‘ BSO]tq, Bsmodelﬁ% ZILZ]{-O’] :"E._‘ BE]-/] Bso]q'
24.2. JAFA T 2d AT 7|4
B gAo| A /e JAFAF e §84/E8AHS 7€ dF 7le Un AF A o
o A #AAGT AHHFOZ H3Y 345 T8 oV FE 458 Y EES EA5HA ¢o
22 @A AAY o Fd o M 53 A5 E Eole ECMWE Y45 d=S = 99 2
HAEHIGEEH oA d=o=2 A &&3sHT. ECMWFE d& d5S Hrsta ol 71z
Mo o]lE Hrlste WMo 7 CFAS nd 943 mda HA setupS EZstuA sHYTH

ANEAST dF 2 /MIaAo A Aozl Folalo}f o] d7|% A4 AsE AAS st F
G317 98 AAALE AASE o GitHubs) gits &-83t%th

g T e 7] b S E Z|Hte 2 st} GitHube
FE W7 o]y =%, Bz 7|6 H‘Q Pull Reques% T = FYH, olar 4 T ME
A AAHL Y3, Microsoft 4t AB|AZ A MA LZax ZZAES} 7)Y TZAEQ)
4 982 3t JEY AAA2(public repository)E FTY HT 7HsstH, Zgoldl A A

(private repository)= & WH ol A sttt
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A2 2 GitHub A" A4 $ A A &(repository) & 7
add, git commit ogi WAL 7123 H git pushEZ YEEde=
(branch)E A& 715 7B 3, pull request 52 g Hstar <l
A dlolE EA7l= Jupyter R EE, AIGHE, HolEHE I3 A
GitHub §#¢o]X]2 READMEY ZE A& IAro]ER S 1E 7153}
g3l “EastAsiaClimateExtremes” AZ4AE T3 IZ=, dolH, 234

loil mln

T LA
e oo 2 By
0Q

PR

w 2

. 09,

rulm
oj .

2.5.2. & EE 53 ULF A5 944 € colab 9F

“EastAsiaClimateExtremes” A& 4(GitHub)&= o] 471%& AtEle] A2 43 AZ43E ¢
g 7 AREH ZESS FHh7] A FFEAT ERASY ECMWE A &4 A5t 22
&% YA AE+ GitHube LSF(Large File Storage) #A|$to= ZH J=tsd)] &83s17] o]H
7] wjEell, g A=E-2 Dropbox Eeh¢-Eol AA=ol vk AHEA= GitHub dHZAED W
o] h EAE Faste] wget WHoJE o] &3] Fad vlolEE DropboxolAl AH &EE
g A olF S Hloly &F9 Ak glo] AFAVE L AEE E8&Y 7 IEF s
ATt J_J w4 7HAE FEet FAAH Ad A% FEES T2 Jupyter Notebooke] GitHubel
2gE lon, o] ALgAV} EEE Hhol Google Colab 7oA w2 4dfo] 7}53)c)
Colabd 27 3Ao] ¥zl 7]x] AX AA glo] AUl BepeA oA Fo|H Z=g A
y3AY GPUE &8 4 d= 5 s 2E =(hosted, -2 Aol A3 = +=) Jupyter Notebook
Al 2ot} o] AFAY SAo] EgA BAE AddAY & AFE FRdsten Lolst
A &&Hn

2.5.3. Repository A7

-

Al Gite] A& A(repository)= ZZAE T2 HES o2& Fodfol slH, HAH
README.md ¥ < wjxs] Z2AE /jQ, X ‘%}‘%ﬂ A& (U sage) ARAHZTSY), 7ol =<l
5< vtath(markdown) 2oz Gt viatheL A VEE A&, £F P F

< ¥, GitHub7t ol & AG e 7124 52 SAE FAISH

r;'ﬁ r?ﬁ

B oo “EastAsiaClimateExtremes® A& A+ CODES(E4] A3 HE), DATAC]S dH
ElA), IMAGES(AZztE 23 HEEZ=E FAEH(Table 2.16), 7z HdEg HE
README.mdE Fo] W& AWa A8 dAIE AFgrt.  “EastAsiaClimateExtremes” ¢
$1 READMEmdell&= AA 2% % A5 G2t 55 Xstal HelEE Ha &y A9
= F7hs Ao
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Table 2.16
“EastAsiaClimateExtremes”.

Directory  Structure and Example Files in the repository

The table provides an overview of the main directories

used in the repository along with representative example files. It outlines folders for
code scripts, datasets, and visualization outputs.

Directory | Description Example files
Python/Jupyter Notebook ) o )
CODES ) ) TART _visualization1_output.ipynb
analysis scripts
DATA pickle/NetCDF datasets event.AHT.erab.1940-2024.EA1.5.pkl
OUTPUTS | NetCDF/Numpy datasets | AHT _extreme_stats_1991_2020_p90.nc
IMAGES Visualization results TP_extreme_maps_1991_2020_p90.png
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3.1. ZolAo} A3 3/4F ol ¥ =9 ox BAY wmd S
311 4 7 BE o3I BE Wy}

3.1.1.1. ERA5%} ECMWF-S259] =i X}o]

ERA5¢2} ECMWF-S2S¢] 35 ¢ TMAXe] Z+zb o] (Binary) % ts & 2~(Multi-class)
T T e
ozl gl 75 ERA59} ECMWF 3 UX 5t dubdow = ﬂol o}, 9 ﬂ% *8 x

|
Hoh=A o R EHE Do #ge] FEE I Bt d
gloll A= ECMWFoll A Ft8 082 E4de 53 A& vehd ERA5 TS T%ﬂf& He 2}
o] 5 X 9 tHFigure 3.1 ¥ Figure 3.2).

ERA5 TMAX Label (Binary) on 2023-10-10

Ens0 - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10 Ens4 - 2023-10-10 Ens5 - 2023-10-10

Ens6 - 2023-10-10 Ens7 - 2023-10-10 Ens8 - 2023-10-10 Ens9 - 2023-10-10 Ens10 - 2023-10-10

Figure 3.1 ERAS 3-week mean of daily maximum temperature binary labels for
ensemble members on October 10, 2023.

ECMWF TMAX Label (Binary) on 2023-10-10

EnsO - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10 Ens4 - 2023-10-10 Ens5 - 2023-10-10

Ens6 - 2023-10-10 Ens7 - 2023-10-10 Ens8 - 2023-10-10 Ens9 - 2023-10-10 Ens10 - 2023-10-10

Figure 3.2 Spatial distribution of 3-week ECMWF mean daily maximum temperature
binary labels across ensemble members.
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el A%, Fez 2A=90Me) A3t vlgol AA Aol oF 10%

WA o 2
Yoz =3 A 2o I AHd FEE AP, g2 1(75~90th) FHe 0L WA
323} thFigure 3.3 2 Figure 3.4). o]3 EX EAL ECMWF o9 Aol 93] ERAS
oiH 3312 2ol & S FiA7l= ajle #%‘3}“4. Ao vdF S gEs 3
£ o S AAL uAg Aolrt o F EFAL S Bol TUIIE FERF AV EA
e FAE 5 dSTh

ERA5 TMAX Label (Multi-Class) on 2023-10-10
Ens0 - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10
—

Ens4 - 2023-10-10 Ens5 - 2023-10-10

Figure 3.3 Multi-Class ERA5 3-week mean of daily maximum temperature label
ensemble distribution on October 10, 2023.

ECMWF TMAX Label (Multi-Class) on 2023-10-10

EnsO - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10 Ens4 - 2023-10-10 Ens5 - 2023-10-10
— —

Figure 3.4 This figure shows the multi-class classification results of ECMWF

ensemble members for the 3-week mean daily maximum temperature on 10 October
2023.

ERA59} ECMWF-S25¢] 45 <+ TMAXol Z}7+ o]zl(Binary) ¥ T35 & 2=(Multi-class)
gl A gote] vugt A3, 359 fFARS A2 YERgtHFigure 3.5 9 Figure 3.6). 3¢}
7R 2 o] gl o] 749 ERAS9F ECMWE 7F X Aubrg oz £ #Hollon), 90
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g AT Hs HE B BTHHoE etk 4F 7 TMAX
kS = 37 frA 29E BAed, 2H2 A=90thdl Fets 1
Al dERgon S 1(75-90th) 99 oS WA EE3AT

ERA5 TMAX Label (Binary) on 2023-10-10

EnsO - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10 Ens4 - 2023-10-10 Ens5 - 2023-10-10

Ens6 - 2023-10-10 Ens7 - 2023-10-10 Ens8 - 2023-10-10 Ens9 - 2023-10-10 Ens10 - 2023-10-10

Figure 3.5 ERA5 4-week mean of daily maximum temperature binary labels for
ensemble members on October 10, 2023.

ECMWF TMAX Label (Binary) on 2023-10-10

Ens0 - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10 Ens4 - 2023-10-10 Ens5 - 2023-10-10

Ens6 - 2023-10-10 Ens7 - 2023-10-10 Ens8 - 2023-10-10 Ens9 - 2023-10-10 Ens10 - 2023-10-10

Figure 3.6 Spatial distribution of 4-week ECMWF mean daily maximum temperature
binary labels across ensemble members.

olyg BXE 542 ECMWFE |59 X &fs ERAS thr] F3H2 ztolE B & A
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Figure 3.7 Multi-Class ERA5 4-week mean of daily maximum temperature label
ensemble distribution on October 10, 2023.
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Figure 3.8 Spatial distribution of ECMWF 4-week mean daily maximum temperature
multi-class labels on October 10, 2023.
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U-Net Probability Prediction (Binary) on 2023-10-10
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Figure 3.9 Ensemble U-Net binary probability prediction maps for October 10, 2023.
The figure illustrates 11 ensemble probability distributions predicted from a U-Net
model trained with a 3-week mean daily maximum-temperature label.
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Figure 3.10 Ensemble Attention U-Net binary probability prediction maps for October
10, 2023. The figure illustrates 11 ensemble probability distributions predicted from a

Attention U-Net model trained with a 3-week mean daily maximum-temperature
label.
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U-Net Probability Prediction (Binary) on 2023-10-10
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Figure 3.11 Ensemble U-Net binary probability prediction maps for October 10, 2023.
The figure illustrates 11 ensemble probability distributions predicted from a U-Net
model trained with a 4-week mean daily maximum-temperature label.

r/

0.1 Au
’
s

0.0

2023 10€ 10¥2 HXZE 713H2022~2023) & tixEZ Q] a1 AHHE AAHEH ERE,
U-Net3} Attention U-Net =99 117] A4E FE o= A4S vwstct. WA oz i
g =g AWuu, U-Nete AHoz 88 Fxst %7 »}EMD% R EE R

=z %

m“*‘)

N
=
b ot
L

&

A% o] fEstA PFHE Aol FALUT ERASIIA 1o RAH AT fAF
JAE LR Ao, FE BE/h uHA @3 hotspoto] HE FAHE T FUH
ALAo] BEF 1wHS WY tHFigure 3.13).

Attention-U-Net Probability Prediction (Binary) on 2023-10-17

Ens0 - 2023-10-10 Ensl - 2023-10-10 Ens2 - 2023-10-10 Ens3 - 2023-10-10 Ens4 - 2023-10-10 Ens5 - 2023-10-10

03 03 03 03 03 03
= e
02 02 02 02 0.2 0.2
ra 01 8 01 8 01 '8 01 '8 01 8 01
. ’ - . . ’
2 00 541 00 &4 00 &4 00 CA42 0.0 E42 0.0

Ens6 - 2023-10-10 Ens7 - 2023-10-10 Ens8 - 2023-10-10 Ens9 - 2023-10-10 Ens10 - 2023-10-10

03 03 03 03 03
i e
J
. -~
02 02 02 02 0.2
ra 01 '8 01 '8 01 '8 01 ['§ 01
S o 7 E A o
i 00 &4 00 &4 00 &4 00 04 0.0

Figure 3.12 Ensemble Attention U-Net binary probability prediction maps for October
10, 2023. The figure displays binary probability predictions generated by a Attention
U-Net model with a 4-week mean daily maximum-temperature for 11 ensemble
members on October 10, 2023.
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U-Net Probability Prediction (Multi-Class:2) on 2023-10-10
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Figure 3.13 Ensemble based U-Net multi-class probability prediction maps on October
10, 2023. These maps show ensemble probability distributions predicted using labels
based on the 3-week mean maximum temperature on October 10, 2023.
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Figure 3.14 Ensemble based Attention U-Net probability prediction maps on October
10, 2023. This figure presents probability maps generated by a multi-class U-Net
model with the 3-week mean maximum temperature for 11 ensemble members on
October 10, 2023.
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U-Net Probability Prediction (Multi-Class:2) on 2023-10-10
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Figure 3.15 Ensemble based U-Net multi-class probability prediction maps on October
10, 2023. These maps show ensemble probability distributions predicted using labels
based on the 4-week mean maximum temperature on October 10, 2023.
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Figure 3.16 This figure presents probability maps generated by a multi-class U-Net
model with the 4-week mean maximum temperature for 11 ensemble members on
October 10, 2023.
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ECMWF TMAX Label
on 2023-10-10

Figure 3.17 The left panel shows the binary label of 3-week mean daily
maximum temperature derived from ERAS for 10 October 2023. The right
panel presents the average of eleven binary labels from the ECMWF-52S
ensemble for the same 3-week mean temperature period.
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Figure 3.18 This figure shows the averaged probabilities from 11 ensemble
predictions produced by deep learning models trained on binary labels of
3-week mean maximum temperature. The left panel displays results from
the U-Net model, while the right panel shows corresponding outputs from
the Attention U-Net model for 10 October 2023.
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Figure 3.19 The maps show the mean probabilities obtained by averaging
11 predictions for the multi-class labels of 3-week mean maximum
temperature on 10 October 2023. The left panel corresponds to the U-Net
model, while the right panel shows the results from the Attention U-Net
model.
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ERAS5 TMAX Label
on 2023-10-10

ECMWF TMAX Label
on 2023-10-10

Figure 3.20 The left panel shows the binary label of 4-week mean daily
maximum temperature derived from ERA5 for 10 October 2023. The right
panel presents the average of eleven binary labels from the ECMWF-S2S
ensemble for the same 4-week mean temperature period.
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Figure 3.21 This figure shows the averaged probabilities from 11 ensemble
predictions produced by deep learning models trained on binary labels of
4-week mean maximum temperature. The left panel displays results from
the U-Net model, while the right panel shows corresponding outputs from
the Attention U-Net model for 10 October 2023.
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Figure 3.22 The maps show the mean probabilities obtained by averaging
11 predictions for the multi-class labels of 4-week mean maximum
temperature on 10 October 2023. The left panel corresponds to the U-Net
model, while the right panel shows the results from the Attention U-Net
model.
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Figure 3.23 The figure compares brier skill scores (BSS) for binary 3-week mean
maximum-temperature over 2022-2023, contrasting ECMWF-S2S (left) predictions with
probabilities generated by U-Net (center) and Attention U-Net (right) models.
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Figure 3.24 The figure compares brier skill scores (BSS) for binary 4-week mean
maximum-temperature over 2022-2023, contrasting ECMWF-S2S (left) predictions with
probabilities generated by U-Net (center) and Attention U-Net (right) models.
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Figure 3.25 The figure compares the multi-class BSS derived from raw ECMWF-S2S
3-week mean maximum temperature with those from U-Net and Attention U-Net
models trained on multi-class labels. The middle (U-Net) and right (Attention U-Net)
panels show how the deep-learning models improve or modify regional skill relative
to the ECMWF-S2S predictions (left).
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Figure 3.26 The figure compares the multi-class BSS derived from raw ECMWF-52S
4-week mean maximum temperature with those from U-Net and Attention U-Net
models trained on multi-class labels. The middle (U-Net) and right (Attention U-Net)
panels show how the deep-learning models improve or modify regional skill relative
to the ECMWF-S2S predictions (left).
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Figure 3.27 The left panel shows violin plots comparing the spatial BSS
distributions of ECMWF-S2S and the U-Net, Attention-U-Net-based models (binary
and multi-class labels) for 3-week mean maximum temperature. The right panel
displays the BSS differences obtained by subtracting the ECMWF-S2S based BSS
from each model’ s BSS at every grid point.
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Figure 3.28 The left panel shows violin plots comparing the spatial BSS
distributions of ECMWF-S2S and the U-Net, Attention-U-Net-based models (binary
and multi-class labels) for 4-week mean maximum temperature. The right panel
displays the BSS differences obtained by subtracting the ECMWF-S2S based BSS
from each model’ s BSS at every grid point.
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Figure 3.29 Comparison of BSS differences between 3-Week

and 4-Week.
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Table 3.1 This table contrasts U-Net with Attention U-Net across key dimensions
such as probability strength, spatial patterns, BSS, extreme-region behavior, and
overfitting tendencies. It highlights the clear performance gains and improved
stability achieved by incorporating attention mechanisms.

Comparison Item U-Net Attention U-Net
Probability strength Strong Moderate
_ Smooth with higher
Spatial pattern Rough and blocky
structural coherence
High, with clear
BSS Low ,
improvement over ECMWF
Extreme region focus Unstable Clear
Risk of over-fitting High Low
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Table 3.2 This table contrasts binary and multi-class modeling approaches in terms
of learning stability, sensitivity to class imbalance, probability prediction behavior,
BSS outcomes, and extreme-heat detection. It shows that binary models genersally
exhibit higher stability and accuracy, especially for extreme events, while multi-class
models suffer from greater noise and imbalance effects.

Comparison Item Binary Multi-Class
Learning stability Very high Low
Effect of class imbalance Mitigated Severe
Probability prediction structure Linear, stable Increased noise
i Little to no
BSS level Can be improved )
Improvement
Extreme heat detection Excellent Inaccurate
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Figure 3.30. Timeseries of rainfall amount at a 3-week lead predicted by the final model for
a grid point near Seoul on test data from 2023 to 2024. Weekly accumulated rainfall amount
from ERA5 reanalysis data are shown in black solid line. The 90™ percentile threshold are in
black dashed line. Extreme cases that exceed the 90™ percentile threshold are shaded.
Predicted rainfall amount is shown in yellow solid line with hits cases in red circle and false
alarms in purple circle.
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Figure 3.31. Scatter plot of rainfall amount at a
3-week lead predicted by the final model for Seoul
grid point compared to actual amount.

Table 3.3. Performance metrics for rainfall amount prediction at
a 3-week lead.

R2 RMSE TCC
0.266 32.338 0.483

Table 3.4. Performance metrics for classification of extreme
rainfall weeks at a 3-week lead.

CSI POD Accuracy
0.286 0.375 0.842
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Figure 3.32. Timeseries of rainfall amount at a 4-week lead predicted by the final model for
a grid point near Seoul on test data from 2023 to 2024. Weekly accumulated rainfall amount
from ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in
black dashed line. Extreme cases that exceed the 90th percentile threshold are shaded.
Predicted rainfall amount is shown in yellow solid line with hits cases in red circle and false
alarms in purple circle.
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Figure 3.33. Scatter plot of rainfall amount at a
4-week lead predicted by the final model for Seoul
grid point compared to actual amount.

Table 3.5. Performance metrics for rainfall amount prediction at
a 4-week lead.

R2
0.193

TCC
0.434

RMSE
34.839

Table 3.6. Performance metrics for classification of extreme
rainfall weeks at a 4-week lead.

CSI POD
0.294 0.357

Accuracy
0.872
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Figure 3.34. Timeseries of rainfall amount predicted by the final model for a grid point near
Daejeon on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall
amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
circle.
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Figure 3.35. Timeseries of rainfall amount predicted by the final model for a grid point near
Busan on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERAS
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall
amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
circle.
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Figure 3.36. Timeseries of rainfall amount predicted by the final model for a grid point near
Gwangju on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERA5
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall
amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
circle.
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Figure 3.37. Timeseries of rainfall amount predicted by the final model for a grid point near
Pyungchang on test data from 2023 to 2024. Weekly accumulated rainfall amount from ERAS
reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded. Predicted rainfall
amount is shown in yellow solid line with hits cases in red circle and false alarms in purple
circle.

Table 3.7. Performance metrics for rainfall amount prediction for different grid points.

R2 RMSE TCC

Daejeon 0.262 37.159 0.462
Busan 0.081 43.766 0.250
Gwangju 0.352 34.531 0.551
Pyungchang 0.227 37.894 0.397
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Table 3.8. Performance metrics for classification of extreme rainfall weeks for different
grid points.

CSI POD Accuracy
Daejeon 0.364 0.4 0.853
Busan 0.130 0.167 0.789
Gwangju 0.222 0.235 0.853
Pyungchang 0.28 0.318 0.811
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Figure 3.38. Comparison between single-task learning-based results (green solid line) and
multi-task learning-based results (red solid line). Weekly accumulated rainfall amount from
ERAS reanalysis data are shown in black solid line. The 90th percentile threshold are in black
dashed line. Extreme cases that exceed the 90th threshold are shaded.
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Figure 3.39. Model performance of critical success index (CSI) values for each bar on the left
column and temporal anomaly correlation coefficients (TCC) values for each bar on the right
column for each combination of variable set (refer to Table X.X for list of variable sets).
Best combination in pink circle is composed of ISO, low frequency, and climatology
components.

Table 3.9. List of input variable sets.

Experiment set Variable combination
Set0 All Variables
Setl Masks, ISO
Set2 Masks, 1SO,Synoptic
Set3 Masks, ISO, Low Freq.
Set4 Masks, ISO, Synoptic, Low Freq.
Setd Masks, Synoptic
Set6 Masks, Synoptic, Low Freq.
Set7 Masks, 1SO, Clim.
Set8 Masks, 1SO, Synoptic, Clim.
Set9 Masks, 1SO, Low Freq., Clim.
Set10 Masks, Synoptic, Low Freq., Clim.
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Figure 3.40. Summary of experiments of combinations of variable set with critical success
index (CSD values for each bar on the left column and temporal anomaly correlation
coefficients (TCC) values for each bar on the right column. Best combination in pink box is
composed of 1SO, low frequency, and climatology components.
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Figure 3.41. Comparison between ResNet-18 (green solid line) and ResNet-18+LSTM (red solid
line). Weekly accumulated rainfall amount from ERAS5 reanalysis data are shown in black solid
line. The 90th percentile threshold are in black dashed line. Extreme cases that exceed the
90th threshold are shaded.
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Figure 3.42. Bar plots of ECMWF (1.5° ) forecast model performance
for total precipitation compared to ERAS reanalysis data for week 3
(radish colored bars) and 4 (blueish colored bars) for different grid
points for all seasons and individual season.
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Figure 3.43. Timeseries of weekly accumulated rainfall amount at grid
point 1 for week 3 and 4 in the top two panels and the corresponding
ECMWF forecast results. The 90™ percentile thresholds are shown in black
dashed line for ERA5 and ECMWF hindcast data. Hit cases that overlap
each other are shown in red circle in both ERA5 and ECMWF panels.

_7‘|_



ERA5 Week 3

550 == ERAS5 Week 3
——- ERAS5 W3 90th Percentile
O Overlap (ECMWF-+ERAS) W3
200
E
E n
g 1504 7’ A
2 4 \
= ’ 1 ,’\
= i \ PN
o o 1 i S
2 100 B \ J ~\
L i \
a ! \ /
1 P \
! LN
50 ,/‘\ ~~o ,' \\
I SRSl S Yt \” -=x4 "\_.» R
= ‘\_—-
0 T T
ERAS5 Week 4
250 === ERAS Week 4
—=—- ERAS5 W4 90th Percentile
O Overlap (ECMWF-+ERAS) W4
200
g
-~ A
£ 150 7~
2 4 \\ s
Ay
k] Ay AN
2 /7 \ ” R
§ 100 ] L ‘ =y
= ! \
o 1 \ ’
I v
/ o \
7 N
50 4 Pt S S P kY
It . e M Y o s 4
- —=ro. s Y ns
L) -
2024-02 2024-03 2024-04 2024-05 2024-06 2024-07 2024-08 2024-09 2024-10 2024-11 2024-12
Initialization Date
ECMWF FCST Week 3
550 —=— ECMWF Week 3
——- ECMWF W3 90th Percentile
O Overlap (ECMWF-+ERAS) W3
200
T
£
c 150
S
=
2
=
5
@ 100
a
50 1
0 T T T
ECMWF FCST Week 4
250 === ECMWF Week 4
——- ECMWF W4 90th Percentile
O Overlap (ECMWF-+ERAS) W4
200
H
E
£ 150+
0
=
£
a
[
E 100 4
a
50 1

2024-02 2024-03 2024-04 2024-05 2024-06 2024-07 2024-08 2024-09 2024-10 2024-11 2024-12
Initialization Date

Figure 3.44. Timeseries of weekly accumulated rainfall amount at grid
point 2 for week 3 and 4 in the top two panels and the corresponding
ECMWF forecast results. The 90th percentile thresholds are shown in
black dashed line for ERA5 and ECMWF hindcast data. Hit cases that
overlap each other are shown in red circle in both ERA5 and ECMWF
panels.
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Figure 3.45. Timeseries of weekly accumulated rainfall amount at grid
point 3 for week 3 and 4 in the top two panels and the corresponding
ECMWF forecast results. The 90th percentile thresholds are shown in
black dashed line for ERA5 and ECMWF hindcast data. Hit cases that
overlap each other are shown in red circle in both ERA5 and ECMWF

panels.
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Figure 3.46. ECMWF forecast model performance for extreme precipitation for week 3 and 4
with performance metrices including accuracy, precision, recall, F1-score, and CSIL.
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Figure 3.47. A case study with results for the Seoul grid point.
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Figure 3.48 Boxplots showing the distribution of (left) ACC and (right) CSI
across three groups with different input domain size/resolution (G5: global
bdeg, L5: large bdeg, S2.5: small 2.5deg) on the x-axis, with colors indicating
the scale of loss function weighting (0,2,4, and 6) for the 104 test samples
across 2023-2024. The central line (white circle) in each box denotes the
median (mean), box edges indicate the first and third quartiles, whiskers
extend to 1.5 times the interquartile range, and points beyond the whiskers
represent outliers.

3.3.1.2. stx/AF w8 v& WA Ad A Y

TS AER RS ved wE UREE Friedd

15K7F ¥+ dlolHE 5
] FH8 MZS =8 FHsr] Y8l 51 F& 41 9L E Y
)

(Figure 3.49). gutxo g e A
$7F 2oh 28y B AFoM s 154 dA4e 90%tile 71Fo2 Aok, 7Y & o
AR #E W B AFE UERE Futel] glom, S AEe 1 AEvE 2% 28
A X 7hsAdo]l EAgt oldd ¢ E wkgsted AF dolH HlESs 9 31 21 A4

< Hlwst

AZ dlolE Hlgo] ¥ E& 2119 4% ACC A% HAFoZ tha golx o, CSle
A MAEE AHE FJAD F AMgT 53 7FeA R 29 4o)M CSI Fagrel 3:1 th



FeulstAl A YEty, o)A A EdoAs A HolH HEs =ole =
T Atds Fds WE 9)\9;1‘1} Figure 3.48014 ¢} mix7 A= 7h5A] o+ = 401]/‘1 =
< CSIE 71&=8kloy ACC #AaE Aysty, 7t 18 28 HAgez A

scale
044 mm o
)
- 4
031 mmm 6
n
Vo2
0.1 1 é @
0.0 -
i L ¥ i | r.ta | 21
valsize valsize

Figure 3.49 Similar as in Figure 3.48 but for two groups with different
train/validation sample fraction (3:1 vs 2:1) for x-axis. Blue horizontal lines
indicate the overall mean across all samples, independent of the loss function
weight scale.
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Figure 3.50 Boxplots showing the distribution of (a) ACC and (b) CSI across
three models (Base UNet, Attention UNet, and Swin-Transformer UNet) along
the x-axis. Colors indicate the temporal sequence of input data (white boxes
for one-week inputs and navy boxes for three-week inputs). The green
horizontal line represents the ECMWF marine heatwave forecast skill at a
3-week lead time.
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Figure 3.51 Boxplots showing the distribution of (a, ¢) ACC and
(b, d CSI across six input-variable combinations (all, woF, woO,
woS, woW, and woU; see Table X.X). The red horizontal line
indicates the mean skill of models trained with all input variables.
Reddish and blue arrows indicate relative performance of models
trained with each reduced input set (without Flux, Ocean, Static,
Wave, or upper-atmosphere variables); upward arrows mark lower
skill and downward arrows higher skill relative to the all-input
baseline, highlighting the positive or negative contribution of each
component to model performance.
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Figure 3.52 Similar to Figure 3.51, but focusing only on the CSI
results for (a) UNet and (b) swinUNet across five different
input-variable  combinations. Opaque and transparent red
horizontal lines represent the mean and median skill of models
trained with the minimum (baseline) input variables. Opaque and
transparent arrows indicate the mean and median skill
improvements relative to this baseline.
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Figure 3.53 Boxplots showing the distribution of ACC (upper
panels) and CSI (lower panels) across four additional-input
conditions (None, Both, Climate Modes only, River Discharge
only; see Table X.X). Panels (a, ¢) show UNet models, while (b,
d) show swinUNet models (latter tested only with/without River
Discharge). The green horizontal line denotes ECMWF marine
heatwave forecast skill at a 3-week lead time (the same as in
Fig. 3.50b).
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Figure 3.54 (a) Scatter plots of ACC versus CSI for all trained models, organized by model architecture, input domain size/resolution, validation
sample proportion, loss scale, multi-modal inputs, and temporal input sequence (from left to right). (b) The fraction of good models, defined
as those falling within the top-right gray box, relative to all ensembles in each category mentioned in (a).
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Figure 3.55 Weekly evaluation of ECMWF 3-week lead marine heatwave predictions across
2023. The top-left three panels present the temporal ACC (left), RMSE (center), and CSI
(right) at each grid point. The bottom-left line plots show the spatial ACC (black) and CSI
(magenta) over EAMS for each week. The top-right line plots illustrate the temporal variation
of the weekly Impact Factor (weekly extremeness) for the grid point nearest to Dok-do
(37.5° N, 130.5° E), based on observations (OISST, yellow) and ECMWF forecasts (gray for
individual ensemble members and thick black for their ensemble mean). The bottom-right two
panels depict the spatial distribution of the Impact Factor for the marine heatwave event
during the week beginning 30 July 2023, comparing observations (OISST, left) with the
ECMWF ensemble mean forecast (right).
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Figure 3.56 Performance of the two best Al models: weekly evaluation of 3-week lead marine
heatwave predictions throughout 2023. (a) shows a swinUNet model with the
3Wseq/S2.5/wFOS/RD_added/2:1 train/validation ratio setup, while (b) presents a model with
the same configuration but using a 3:1 train/validation ratio. Details are the same as in
Figure 3.55.
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Figure 3.57 Same as in Figure 3.56, but for Al model ensemble forecasts. Ensemble members
in (a) are swinUNet models with the S2.5/2:1 ratio/weight scale=2/RD_added setup, while
ensemble members in (b) are swinUNet models with the S2.5/IW sequence/weight
scale=2/RD_added setup.
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&9l QElo|EE Fol e AT Hopmeol Hai 282 A

v ©) yyalexles/EasthsiaClimateExtre X +

< c 25 github.com/yyalexlea/EastAsiaClimateExtremes/tres/main

O yyalexlee / EastAsiaClimateExtremes &

<> Code

@ lIssues 1 Pull requests

EastAsiaClimateExtremes Private

¥ main -~ ¥ 1Branch & 0Tags

kimmiae710 Remove delsted file

CODES
DATA
IMAGES
QUTPUTS

[ .gitattributes

[ READMEmd

[ README

@) Actions

B Projects

Q Goto file

Update ReadMe.md
Update ReadMe.md
Remove deleted file

add nc files

Add large rainfall data file with Git LFS

Update README.md

EastAsiaClimateExtremes

Initiative for Developing an East Asia Climate Extremes Dataset!

Q Type(/] to search

@ Security |~ Insights 8 Settings
& Watch
t + <> Code ~

b153204 - 2 minutes ago ® 341 Commits
44 minutes ago
3 days ago

2 minutes ago
14 minutes ago

4 months ago

1 hour ago

=

1

cEr O &0
8 - +- O I 8 A&
- Y Fork 0 - T Star 0 -

About

EastAsiaClimateExtreme serves as a
centralized repository for documenting
and disseminating comprehensive event
profiles and period-specific metrics of
historical climate extremes throughout
the East Asia region

[0 Readme
Activity

0 stars

1 watching

0 forks

< Q<

Releases

No releases published
Create

Packages

Nao packages published

>

Figure 3.58. EastAsiaClimateExtremes GitHub main page screen shot 1.
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v €) yyalexles/EasthsiaClimatetxie X + = a X

< » C 25 github.com/yyalexlee/EastAsiaClimateExtremes/tree/main B b} & @

Releases

Y
iii

0] README

No releases

Create a new
EastAsiaClimateExtremes

Packages
Initiative for Developing an East Asia Climate Extremes Dataset! :

Nao packages published

Publish your first pa:

This repository provides historical data on climate extremes across the East Asia(EA) region, basically
archiving the events of regular grid-based climate extremes, and weekly/monthly extremeness
metrics can be utilized as labels for Al-based(or -assisted) models to predict anomalous climate events
in East Asia. These efforts are part of the climate extreme prediction project led by the ART/APCC team

Contributors 3

(Al-based prediction Research and Technology at the APEC Climate Center). Currently, the repository § wyalexee

focuses on extreme phenomena such as anomalously high temperatures(AHT), heavy rainfall(HR), and Kirsiniae710
marine heatwaves(MHW), with the potential for further expansion. Additionally, it offers codes for

analyzing and visualizing key statistics and characteristics of atmospheric and oceanic extremes. We . uranchung Uran
hope this serves as a meaningful and practical starting point for researchers diving into studies on the

dynamics and prediction of extreme phenomena.
Languages

® Jupyter Notebook 98.6% ® Python 1.4%

Suggested workflows
Based on your tech stack

ﬁ HR
3

AHT
% .
" Climate” —
E

xXtremes :j SLSA Generic Configure

generator

Froquancy

Generate SLSA3 provenance for your
existing release workflows

£ 3
I
=

an Intensity

a1 Dianan P

Figure 3.59. EastAsiaClimateExtremes GitHub main page screen shot 2.

Code File Description Location

Code for calculating and
8.display EAextremes event statistics.py displaying long-term mean EastAsiaClimateExtremes/CODES/
and trend of event statistics

Code for timeseries and e
TART visualizationl output.ipynb . . EastAsiaClimateExtremes/CODES/
heatmap visualization

Code for 2-D map

visualization of long-term

TART wisualization2 output.ipynb EastAsiaClimatebxtremes/CODES/

statistics of weekly climate
extremes

Table 3.10. Example codes for data processing and visualization (file name, description and
location)

342 oA7% AMEY B A7 A=

“EastAsiaClimateExtremes” + =3H7]%& JAWEZE F=3517] &) 4 o7& 847
IO EFE 2H3t= G2 Afd(evenh oz Hostal o]|F XY " AZtE=E A st
H#712(T2m)e] 3¢ 2+ A% EAE(day of year) 90 &S] 7|=3e HA 448 Hd 7%
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£ A4rstal, ol 54 dxy 7|38 #hol o] rEe 2HseACd wel 5% T ARE

BAFozA ALGH A B4 g ST ARE AT dEAEYAE olFA A

old I3t A H=e FEE A= FHE AGEste dA 227t 2FEH] e 54 4

o] 712 Mee WdH vluwste] o) dae ke Fx:ste AAE 2d e A AlsEn

(Table 3.10). dlA] Lol X} o] AHEAE 54 A=k AR AHs AAst o 715 ]
s

of we} oj=A Yelt=A|(Figures 3.60), FolAlote] z; Axloll A 901
st o] 7] F oMl E(Figures 3.61D) % =3 F(week)(Figures 3.62)7F w3t &
A

2

T2m [°C]

,th'g ,LNQ", ”L?‘ ,Lb(g ,.thp‘j ,LNQ ,th' ,.thp‘b ,LNQQ ,.th:\’e ,Lu:\"\’ ,th‘o’
S S S - S ) S S $ S S $
Date
—— Original EEl Extreme as Event
—— 90% Threshold Bl Extreme
—— Mean

Figure 3.60. Timeseries of daily 2m air temperature at 36.0° N, 127.5° E in 2024, showing
the original data (black), climatological mean (green), 90" percentile threshold (red), and
anomalous hot days exceeding threshold line (red shaded) and extreme days identified as
event periods (blue shaded).
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MHW event90_D5G2

Frequency Total Days Mean Intencity

Long-Term Mean

140 . . 224 245 266

[times/yr]

Long-Term Trend

-1.35 090 D45 aoo 0.45 020 133

[times/yr/decade] [days/yr/decade] [degC/decade]

-1.3% 090 045 000 045 aso 135 0139 -0.090 -0.045 0000 0045 0090 0139

Figure 3.61 Spatial distribution of long-term mean and trend of marine heatwave event
statistics: (left) frequency, (middle) total days, (right) mean intensity derived from daily SST
timeseries over East Asia Marginal Sea.
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Frequency [times/yr]
: —

Mean Intensity [degC/yr] Max Intensity [degC/yr]

Figure 3.62 Spatial distribution of extreme weeks: annual mean statistics of anomalously hot
weeks derived from weekly T2m timeseries over East Asia: (Left) frequency (times per year),
(middle) mean intensity (° C per year), and (right) maximum intensity (° C per year).

ECMWF-S2S¢] Hindcast A%, A= 1(53+ T2M, SST, PREC o|3)3 A5 2(90th
percentile BAZHE A& ASEFEH solArlol AXfoA I0HAETY =3 BA(Y, WIxE: =
HAIF, A5 23 J3HES ALk, 98 E9 T2M_clim90th(doy, lat, lon)= doy(1-365) 7]
= percentiles A-F3 o] da(d, TX90p) BAE A Hgth AlZst A& &= matplotlib 7]\t
A2 EF20=2, WA 20167 WA 20247t A& A5 Aol& HE 2 A= Wo=m Y 94 4
g+ 4= thFigure 3.63). NetCDF 3} (148MB t2m ¥ 5)2 xarray2Z 23l Cartopy &
S 2 FolAlol E=WRlS #;rEFstH colormap HASE 3 HHE A AFHOE HoFET
Wl E g

A E

¢

o of El

22 24 26 28 30 32 34 22 24 26 28 30 32 34
Frequency [times/yr] Frequency [times/yr]

Figure 3.63 Spatial distribution of 90th-Percentile extreme
temperature frequency based on ECMWF-S2S Versions
2016 and 2024.

_93_



Outputs Visualization = Data Format

Daily based extreme events, Yearly event counts ~ Timeseries NetCDF
Monthly Event Counts+Trend(+/-) Heatmaps NetCDF
Long-term Mean/Trend of Event Statistics 2D maps Numpy
Count of Extreme Weeks, Mean/Max Intensity 2D maps NetCDF

Table 3.11 List of output statistics generated and stored by the
example codes.

3.4.3. &&H 27

dEzAEY A" F3 AWEE 71EAR(reference)Z Ao} o =9 A3z} U7A
B7tE = Aok AFE AAsE dAE S8t IS EAC AT F de FEY Y
E 94 9E ¢ don, &5 24 5 et S JIEe AEA AsiAY e s
F7lete A= Jhsstth o83 Ao A EastAsiaClimateExtremese sokAloF =371 A
g 9% A3 2o FE&F F AE B4 FYUIFToE VTE F AL Aotk o] H

=
AEYE &3t WA DATA tydlEg]e] READMEAA A|&3dt= HAI E+= wget HH
QIMIEE], ERA5 - OISST 7|9F ¥ 2 3 o9 dlolg, gl ECMWF

$2S hindcaste] ATAE 1% ARE TGewe 4 Utk HolEHE Pickles}h NetCDF @402
Aol glol Python $4IA ZA 28T & glor], 53 xarray 71uke] Aele] 23y
of Itk HeRER ARE WFoE AEAE B4 A mE AX MY I3 Y NES
AgsAL, @ F ALY BES A&4e] WsE B4, pd0 D pd5 UG vl B

7]18ke] extremeness A= A A= F Aok AFEHE AAs Z=E AdstH AALD
O =, X =(heatmap), 183l A7) FAY ¥ EEVF AFo 2 YA =1 (Figures 3.64-6
5), ©] FAAA F3 oWE EAL 293 NetCDF 3 3d% g4 AAHHTable 3.11).
olgg 7T T BAS dol, Al 71§ F3 oS AFeAME fF&3d, 9 i o
9l extremeness A A =St #HolEE AR &I 5 A, dF 2d HIF AFYH AHA
g APz A& & Qo
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EastAsiaClimateExtremes / CODES / TART visualization1_outputipynb &

kimmiae710 Fix code e5b2a77 + 3 weeks ago @ History

Preview  Code  Elame Raw [0 & | -

~ Timeseries and Heatmap Visualization for
Extreme Events

Updated 23-Mov-2025
Team ART{Al-based prediction Research and Technologyl/APCCIAPEC Climate Center)
Contact Miae Kim (miaskim@apoc21.org)

In this notebook, you will display timeserigs of extreme phencomena such as anomalously high
temperatures(AHT), heavy rainfall(HR), and maring heatwaves(MHW) for a specific grid point in East
Asiz.

Requirements

"You can mount fcontent/drive/ to your Google Drive. where you will download data from the
GitHub page(htips.//github.com/yyalexlee/EastAsiaClimateExtremes/free/main).”

In [T 1% from google.colab impart drive
drive, mount (*Acontent Adrive )

Orive already mounted at Jcontemt/drives to attempt to forcibly remount, call drive.mount(”/content/driv
e”, force_remount=True).

Download data

Create FIRST directories if neseded with the following line CR by yourself

In 012 gimbdic =0 Aoonient /dr ive Mol ive/dR000 fatars

Figure 3.64. Screen shot of visualization code 1: Timeseries and Heatmap Visualization for
Extreme Events.
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EastAsiaClimateExtremes / CODES / TART visualization2_output.ipynb &

kimmiae710 Fix code 2115824« 2days ago Y1) History

Preview  Code = Blame Raw (O & 2 =

! Weekly Extreme Analysis: Frequency,
Mean, and Max Intensity

Updated 03-Dec-2025
Team ART{AlI-based prediction Research and Technology)/APCCIAPEC Climate Center)
Contact Mize Kim (miaekim@apcc2i.org)

In this notebook, you will analyze weekly averaged or accumulated climate extremes from ERAS
over East Asia. You will calculate climatological weekly extreme statistics (frequency, mean intensity,

max intensity] and visualize them spatially.

MOTE: The codes for calculating extreme statistics were written 1o handle the limited RAM
constraints of Google Colab through use of Dask chunking.

Requirements

“You can mount Jscontent/drive/ to your Google Drive, where you will download data from the

GitHub page(https://github.com/yyalexlee/EastAsiaClimateExtremes/tree/main). "

In T 1t from google.colab import drive
drive. mount( " AcontentAdrive’ )

Orive already mounted at fcontent/drive: to attempt to forcibly remount, call drive.mount(”/content/driv
g", force_remount=True),

Set paths
CHAMGE the fcllowing paths if needed!

Figure 3.65. Screen shot of visualization code 2: Weekly Extreme Analysis: Frequency, Mean,
and Max Intensity.
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